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Abstract

This paper asks whether funding for public schools affects private school enrollment in

the United States. To examine the causality, I utilize the fact that states with greater his-

torical reliance on state appropriations and states with no income tax experienced larger

cuts for K-12 education funding after the Great Recession. I find that students exposed to

a $1,000 decrease in per-pupil funding are more likely to enroll in private schools by 0.42

to 0.58 percentage points. I show further that the effect is strongest among high socioeco-

nomic status students living in disadvantaged areas, which suggests a change in student

composition.
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I Introduction

Private schools are the largest alternative to traditional public schools, serving 10.3 percent or

5.7 million schoolchildren in the US primary and secondary education (Snyder, de Brey and

Dillow, 2019). Private schools are often criticized for increasing inequality and reducing inter-

generational mobility by attracting high socioeconomic status (SES) students (Davies, Zhang

and Zeng, 2005; Glomm and Ravikumar, 1992; Iyigun, 1999); however, they provide variety in

school choice and induce competition (Dee, 1998; Hoxby, 1994), improving the overall quality

of education. Competition between public and private schools suggests public school char-

acteristics affect private school enrollment (and vice versa), in addition to a preference for

religion, discipline, and alternative pedagogical methods (Goldring and Phillips, 2008).

In this paper, I investigate how funding for public education affects private school partici-

pation in US K-12 education. Greater public school funding is relevant to high-quality educa-

tion, represented by test scores and class size,1 which is inversely related with private school

attendance (Blundell, Dearden and Sibieta, 2010; Brasington and Hite, 2012). In addition, if

public and private investment in education are substitutes (Houtenville and Conway, 2008),

parents may respond by switching to private schools when there is a decline in public school

funding. Although it is important to understand this relationship to make efficient policy de-

cisions for public education and school choice, this topic has received limited attention in the

literature.

To estimate the causal impact of public school funding on private school attendance, I

exploit an exogenous variation in funding cuts for public education induced by the Great Re-

cession. In the wake of the Great Recession, funding for K-12 education fell precipitously in

many states, on average of 5.3 percent per pupil from 2007 to 2012, and stayed low for several

1See Jackson and Mackevicius (2021) for a survey of recent papers in this literature.
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years. I show that two idiosyncratic state characteristics—education funding scheme and tax

structure—help me isolate the exogenous variation in the funding cuts, allowing me to use the

Recession as a natural experiment despite its far-reaching impact on the economy and soci-

ety. First, states that historically relied more on state appropriations to fund K-12 education

rather than on local appropriations experienced a deeper cut during the Great Recession be-

cause of the larger income and crowding-out effect of state tax revenue than local tax (Evans,

Schwab and Wagner, 2019; Jackson, Wigger and Xiong, 2021; Moffitt, 2013). Second, educa-

tion funding stayed low after the Recession in seven states without income taxes because the

lack of diversification in their tax portfolio makes the tax revenue more volatile during re-

cessions (Cornia and Nelson, 2010; Jordan, Yan and Hooshmand, 2017; Yan and Carr, 2019).

The two factors were determined years and decades before the Recession, changed little over

time, and are unrelated to several state characteristics relevant to the impacts of the Great Re-

cession, including the intensity of the economic shock (unemployment rate), property value,

and the household income of each state before and after the Recession. Thus, these features

provide conditions for an instrument by separating the effects of funding cuts for K-12 from

the Great Recession itself. I combine the two sources of variation with the timing of the Great

Recession in an event study framework as an instrument to predict the local K-12 education

appropriations per pupil. Using the two-stage least squares (2SLS) model, I compare private

school enrollment in regions with larger and smaller funding cuts.

The 2SLS results suggest that a $1,000—approximately nine percent—decrease in K-12

revenue per pupil increases the private school enrollment rate of schoolchildren by 0.42-0.58

percentage points or 4.0-5.6 percent. The estimated elasticity is -0.61 in the preferred spec-

ification, meaning a one percent decrease in public education funding raises private school

enrollment by 0.61 percent. This implies that, in response to a 5.3 percent funding cut (the av-

erage cut from 2007 to 2012), 164,413 students switched to private schools. I further show that
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funding cuts resulted in a decline in instructional spending and less generous teacher salary

and benefits, which are relevant measures of the quality of education (Card and Krueger,

1992). I cannot directly show these changes caused the increase in private school enroll-

ment, because my instruments do not allow me to separate the impact on education qual-

ity from private school enrollment; however, Jackson, Wigger and Xiong (2021)’s findings on

test scores in the same period support the idea that a decline in education quality is the most

likely mechanism. Finally, in the heterogeneity analysis, I show important findings related to

student diversity and composition. I find high SES (high income or white) students are more

likely to leave for private schools, a potential source of deepened inequality, and this pattern

is reinforced when the high SES students live in more diverse (on average low SES) areas. This

implies a potential decline in student diversity (negative change in student composition) and

an increase in inequality as high SES students can avoid the negative impact of funding cuts

by leaving public schools.

This paper makes three contributions to the literature. First, this is one of the few papers

estimating the relation between public school funding and private school attendance. Be-

cause my work utilizes an extreme case of funding cuts, generalizability is questionable. Re-

assuringly, the elasticity in this paper is not much different from those using cross-sectional

instruments (Goldhaber, 1999; Mavisakalyan, 2011) and school finance reforms (SFR) as the

identification strategy (Dinerstein and Smith, 2021; Husted and Kenny, 2002), weakly suggest-

ing some generalizability. Second, I provide evidence that education funding is relevant to in-

equality and student composition and diversity in public schools. This finding suggests that

we should take caution when interpreting the impact of funding on students’ outcomes as

can be seen in recent papers such as Baron (2019); Hyman (2017); Jackson, Wigger and Xiong

(2021); Lafortune, Rothstein and Schanzenbach (2018) because of compositional change itself

and the impact of diversity on test scores (Dills, 2018). Third, I contribute to the identifica-
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tion of education funding cuts by complementing Jackson, Wigger and Xiong (2021)’s strategy

to explore the impact of funding on student outcomes. In their work, they use historical re-

liance on state-appropriated funds as the source of the variation and use the change in slope

of education funding, rather than the level, associated with the variation to improve statistical

power in the first stage. Instead, I add another source of variation, whether a state collects an

income tax, and use a conventional event study strategy. To my knowledge, this is the first

paper showing that slower tax revenue recovery in no-income-tax states affected education

funding stability while using the income tax status to identify variation in public school fund-

ing.

The remainder of this paper is organized as follows. Section II provides the background of

the K-12 education funding and the sources of identifying variation in funding cut followed by

the Great Recession. In Section III, I describe the data sources, and in Section IV, the econo-

metric model. In Section V, I present the results and the potential mechanism. Section VI

presents heterogeneity analysis. Section VII concludes.

II Background: K-12 Budget and the Great Recession

The business cycle makes funding for education unstable over time because tax revenue de-

clines during recessions (income effect), and at the same time that the government needs

to spend more money on other social safety net programs like unemployment benefits and

cash assistance, crowding-out expenditure for K-12 (crowding-out effect) (Jackson, Wigger

and Xiong, 2021; Moffitt, 2013). In consequence, the growth rate of K-12 funding per pupil

declines during and after recessions.2 In most recessions, this fall is small; however, the fund-

ing cut that followed the Great Recession was unprecedented. Nationally, education funding

2K-12 appropriation is interchangeable with K-12 budget or funding. This is not the realized spending, but
the amount of money allocated to K-12.
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decreased by $673 per pupil or 5.3 percent from 2007 to 2012, which was the first decline

in funding since the 1980s recession, and lasted for years (Figure 1). The magnitude of the

funding cuts differs substantially across states and was significant in some states (Figure 2).

For example, Florida, the state with the largest cut, curtailed its funding by 28 percent in five

years, much greater than the national average.

While the Great Recession made parents pull out their children from private schools due

to the income shock (Ewert, 2013), the decrease in funding cuts may have increased the de-

mand for private schools. Figure 3 suggests these two dynamics. While overall private school

enrollment drops in the wake of the Great Recession (income effect), the decline is smaller in

states that experienced larger funding cuts, implying a relative increase (substitution effect).

In the remainder of this section, I show that two state-level characteristics unrelated to the

Great Recession allow me to isolate this substitution effect and estimate the causal impact of

public school funding.

First, states that relied more on the state appropriations to fund K-12 before the Great Re-

cession experienced deeper cuts, an identifying variation first used by Jackson, Wigger and

Xiong (2021) (JWX henceforward) to examine the impact of education spending on student

achievement. Their strategy relies on the variation in changes in education funding from

three different sources: state, local, and federal governments. To be specific, I visualize the

trend of K-12 funding per pupil by the source in Figure 4. According to the figure, there was

an immediate and steep drop in state funding, which was compensated by the federal gov-

ernment, making total education funding stable for the first two years from the beginning of

the recession. On the other hand, local funding remained stable over time.

Why were the trends so different? First, state appropriations experienced both large in-

come and crowding-out effects explained above. State tax revenue mostly consists of income

and sales taxes (66 percent (US Census Bureau, 2020)), which fluctuate along with the busi-

6



ness cycle. At the same time, state governments are responsible for other welfare programs

together with the federal government, crowding-out budget for K-12. In contrast, income

and crowding-out effects were smaller for local education appropriations. Local tax revenues

rely heavily on property tax (72 percent (US Census Bureau, 2020)), which is stable during

recessions.3 4 Also, public K-12 education is the largest expenditure for local governments,

so the crowd-out effect for local governments is smaller than the state. The federal govern-

ment substantially increased the funding through the American Reinvestment and Recovery

Act (ARRA) to compensate for the loss from the state governments, and when the fund ran

out, a deep funding cut followed (Evans, Schwab and Wagner, 2019).5

Because of the different trends by sources, the composition of K-12 funding in each state

played an essential role in the magnitude of the funding cut. There was a considerable vari-

ation in the share of funding coming from state revenue (Ss = St ate Apps
Tot al Apps

, state share hence-

forth) before the Great Recession, which becomes the identifying variation.6 On average, 47

percent of the total K-12 revenue came from the state government in Fiscal Year 2007, varying

from 86 percent in Vermont to 27 percent in Nevada (See Panel A of Appendix Figure A.3 and

A.6 ). The variation in the share is associated with the variation in the magnitude of the fund-

ing cuts: because state revenue was more sensitive to the recession, funding cuts were larger

in states with greater state share, as displayed in Figure 5.

The state share is determined by the particulars of the state’s funding formula, which is

3The reliance on each tax source is calculated using tax revenues in the fiscal year 2007 (US Census Bureau,
2020). See Appendix Table A.1 for variation across states.

4Local governments smooth property tax revenues by raising the tax rate or slowly adjusting the assessed
value on which the tax is based. This is true for the Great Recession as well, although it started from the collapse
in the housing market and was followed by substantial foreclosures (Lutz, Molloy and Shan, 2011).

5Unlike federal funds that are mostly earmarked to specific federal programs such as the National School
Lunch Program and Title I, a large portion of ARRA was provided as discretion appropriations for quicker recov-
ery.

6State appropriations here is the K-12 appropriations “distributed” by the state government. For example,
Texas’s recapture process (Robin Hood Plan) redistributes property tax revenues from wealthy to poor districts.
While this fund is locally raised property tax, it is considered state appropriations in receiving districts because
it is distributed by the state government. To address a potential problem arising from this, I exclude Texas from
the sample in the robustness check, and the result does not change much. (See Appendix Table A.8.)
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a combination of multiple factors including state and local law, tax rate and base, govern-

ment programs, and overall fiscal centralization (Alm, Buschman and Sjoquist, 2011). Thus,

education funding structure is a combination of multiple factors that were determined years

or even decades before the Great Recession and changed little over time, implying little rele-

vance to the Great Recession itself.7 Critically, a greater share in a given state does not mean

the state cares more about public education; it appears that there is no correlation between

the share and total K-12 appropriations per pupil before the recession (Panel B of Appendix

Figure A.6).8

Along with the education funding structure, the tax structure is an important factor that

predicts the trend of tax revenue and funding for K-12 in each state after the Great Recession.

I find that funding cuts for K-12 were greater in states that do not collect income tax. Whether

a given state collects an income tax or not was determined decades ago, providing exogenous

variation to the education budget cuts.9 There are seven states with no individual income

tax—Alaska, Florida, Nevada, South Dakota, Texas, Washington, and Wyoming.10

Three factors led to a larger decline in education revenue in these seven states. First, be-

cause they do lack one tax source with a very wide base, it is difficult for these states to di-

versify their tax revenue (Cornia and Nelson, 2010), which hurts their tax portfolio volatility

(Jordan, Yan and Hooshmand, 2017; Yan and Carr, 2019). Second, these states tend to rely

heavily on sales tax (Cornia and Nelson, 2010),11 and states with higher reliance on sales tax

7See Section IV.2 for formal tests.
8State share had been very stable during 2000-2007 (Panel A of Appendix Figure A.6). The correlation coef-

ficient between state share in 2000 and 2007 is over 0.9. The correlation is weaker for the share in 1990 (0.6);
however, the correlation between rankings is 0.75. In the robustness check, I use the share in 1990, 2000, and the
five-year average of 2003-2007 instead of the share in 2006 and obtain very similar results (See Table 5).

9The state income tax status was mostly determined during the early 20th century. In 1901, Hawaii was the
first state that adopted a state income tax. Since then, 44 states had implemented state income tax up until 1976.
In 1979, Alaska repealed its income tax, and since then, seven states have not had a state income tax (US Advisory
Commission on Intergovernmental Relations, 1995).

10New Hampshire and Tennessee collect tax on dividend and interest income, but not on labor income. In
the robustness check, I include these two states as no income tax states as well. The results are very similar (See
Table 5).

11This is not true for Alaska, which collects most of its tax revenue through natural resource taxes.
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had suffered longer to recover their tax revenues after the Great Recession (Alm and Sjoquist,

2014). Finally, states also took efforts to recover their tax revenues quickly. One way is to make

income tax more progressive, which is not a viable option for no-income-tax states. In addi-

tion to the progressive income tax, these states were not very successful in revising their tax

portfolio (Seegert, 2015). Consequently, states without income taxes faced a longer-lasting

reduction in tax revenues after the Great Recession (See Appendix Figure A.7).12

Figure 6 summarizes the identifying variation. Panel A shows the difference in education

appropriations per pupil in states with high and low state shares (above and below 0.54) over

time relative to the 2007 level. From 2009, there had been a decline in funding in both groups

of states; however, the magnitude was smaller and recovered more quickly in states with a

smaller share. Panel B conducts the same exercise with states with and without an income

tax. While education funding in other states recovered to the pre-recession level by 2014-15,

it was still lagging in no-income-tax states. To my knowledge, this paper is the first to show

that having an income tax can affect education funding stability after the Great Recession.

III Data

My analysis draws data from two sources. First, I use the 2000 Census and the 2005-2016

American Community Survey (ACS) IPUMS data (Ruggles et al., 2020) to obtain information

on private school enrollment. The Census and ACS ask every respondent whether she is en-

rolled in a private school when she is in school. I restrict my sample to children between the

ages of 6 and 17 years (equivalent to grade 1 to 12) to make sure they are school-aged.13 I omit

12This is not true for five states with no general sales tax (Alaska, Delaware, Montana, Oregon, and New Hamp-
shire). Reliance on income tax in these five states is no different from other states with sales tax, from 5 to 40
percent, except for Oregon (see Appendix Table A.1). These four states diversify their tax sources from other
sources such as excise taxes and license fees.

13I remove five years old because some states don’t have public funding for pre-Kindergarten at all or provide
only a half-day Kindergarten program. I exclude eighteen years old because some of them are not school-aged
anymore.
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2001-2004 ACS because I cannot identify geographical units smaller than the state in these

years.14 Washington DC is also removed from the main sample because the state share is

zero in DC by definition and thus it becomes an outlier. My final sample consists of 8,095,073

children.

I collect the financial data of all school districts in the U.S. during the 2000-2016 fiscal

year from the Common Core of Data (CCD) from the National Center for Education Statistics

(NCES). CCD provides rich data on school financing such as funding sources (state, local,

and federal government) and expenditure in broad categories as well as school enrollment

and staffing. Because the district-level data is noisy, I exclude school districts with too small

enrollment or suspicious growth patterns emulating Lafortune, Rothstein and Schanzenbach

(2018).15 To merge two datasets, I aggregate the school finance data into the Consistent Public

Use Microdata Areas (CPUMA) in the Census and ACS.16 I also take a weighted average of two

fiscal years to construct school finance data at the calendar year level because the Census and

ACS do not provide information on survey month. 17

In Table 1, I show the summary statistics in the pre- and post-recession period. About 10

percent of the total children are enrolled in private school (as opposed to in public school or

not enrolled at all). This number decreases by 0.45 percentage points after the Great Reces-

sion. The average inflation-adjusted total revenue per pupil is about $11,176 before the reces-

sion. The funding is larger after the recession despite the cut because of an increasing trend

from 2000 to 2007. In the next columns, I divide the states into two groups: states with high

14I include these years and use the state-level education revenue for robustness check. The results are pre-
sented in Appendix Table A.7 and Figure A.8.

15See the Appendix for further information.
16PUMA is the smallest geographical unit available in the Census and ACS Public Use Microdata Sample.

PUMA is a population-based geographical unit, so its boundaries change every ten years, and the Consistent
PUMA is an aggregate of some of the contingent PUMAs to make the boundary consistent over time. While there
are slightly more than 2,000 PUMAs, they are aggregated to 1,075 CPUMAs. When aggregating to CPUMA level, I
use the number of students in each school district as the weight.

17See Appendix Section A for further details of the crosswalk.
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and low state shares using the median. While there is a decrease in private school enrollment

in both groups, the decline is larger in low share states, 0.22 versus 0.56 percentage points.

When comparing states with and without income taxes, the change is similar; a larger de-

cline in private school enrollment in states with income taxes. Consistent with these patterns,

states with low state share and no income tax had recovered their education appropriations

more quickly. Panel B compares the major covariates before and after the Recession, show-

ing little difference. Comparing the groups of states, we can notice that low state share states

and income tax states are more resourceful in terms of education funding and private school

enrollment. While this is a potential problem, I show the validity of the empirical strategy in

Section IV.2.

IV Econometric Model and Validity

IV.1 Estimation Equations

My empirical strategy leverages the Great Recession as a natural experiment that generated

an exogenous variation in education funding as I explained in Section II to address endo-

geneity between local public education funding and private school enrollment. I estimate the

following system of equations using two-stage least squares (2SLS):

Pr i vatei pst = δ�Apppst +πXi pst +κPp,2000 × t +µp +θt +εi pst , (1)

Apppst =
∑

k ̸=2007
[βk Ss×1(k = t )+γk N Ts×1(k = t )] +ψXi pst +λPp,2000×t+ρp+τt +νi pst , (2)

where Pr i vatei pst is an indicator whether individual i in CPUMA p of state s in (calendar)

year t is in a private school and Apppst is the total K-12 appropriations per pupil in thousands
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(in 2010 dollars).18 19 I include a vector of student and household level controls (Xi pst ) and

baseline CPUMA characteristics (in 2000) interacted with the time trend (Pp,2000 × t ), respec-

tively. CPUMA fixed effects (µ,ρ) absorb the time-invariant differences across CPUMA, and

year fixed effects (θ,τ) controls for any common national shocks specific to given years. The

standard errors are clustered at the state level, and the regressions are weighted using sample

weights of the Census and ACS.

I instrument for Apppst by combining Ss , the share of total K-12 funding coming from

state-appropriated funds in the school year 2006-2007 (
St ate Apps,2007
Tot al Apps,2007

), and N Ts , the indicator

for having no state income tax, with the year dummies in an event study setting. Although

the instrumental variables are at the state level, I use CPUMA level funding as my main inde-

pendent variable to improve the precision of the estimates.20 I take 2007 as the base year,

so all coefficients can be interpreted as changes relative to 2007.21 This framework helps

me extract the exogenous variation in education funding cuts induced by the Great Reces-

sion. Because funding did not decline until 2010 and slowly recover until 2016 (Figure 1), I

prefer an event study model because it has more flexibility than the traditional difference-in-

differences model (DiD). In the Appendix Table A.9, I show that my results are robust to using

alternative instruments such as traditional DiD and using only one source of variation.

My identification strategy using the variation in the reliance on the state government owes

JWX’s work. The most important difference is that instead of using the change in the slope of

education expenditure induced by the Great Recession (Ss ×Postt × t ), I utilize the change

in the level, which is a more conventional DiD strategy, and add N Ts as another source of

18“Not in private school” means children in public schools and not in school at all, including homeschool-
ers and dropouts. I include all of school-aged sample to avoid the impact of “leaving the education system”.
Excluding these students does not make much difference in the robustness check.

19I use levels instead of logs to avoid the assumption that a one dollar increase of revenue has stronger impact
on low-spending CPUMAs than high-spending CPUMAs. The results using logs are available in the Appendix
Table A.6.

20State level analysis is available in Appendix Table A.7.
21The Bureau of Economic Analysis states the Great Recession officially started in December of 2007.
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variation. By doing so, I can improve the first stage F-statistic without assuming a specific

functional form as JWX do. I argue that my specification complements their work by using

traditional DiD and making it easier to interpret the compliers. For the discussions of compli-

ers, see Appendix Section C.)

IV.2 Placebo Tests

The crucial identifying assumption of my empirical strategy is that the instruments should

not affect private school attendance through channels other than the change in public K-12

funding. This assumption is fundamentally unprovable because I cannot show my instru-

ments are unrelated to any potential confounding factors (or it is impossible to show my in-

struments are independent of the error term εi pst ). Nevertheless, in this subsection, I provide

evidence that my instrumental variables are uncorrelated with important individual and re-

gional characteristics. In particular, I demonstrate that my instruments are independent of

the characteristics closely relevant to the income effects of the Great Recession, the most con-

cerning confounding factor, showing they can separate the substitution effect caused by cuts

for education funding from the overall impact of the Great Recession. In addition, I also show

whether the change in education funding is associated with changes in the regional demo-

graphic characteristics and other spending categories that may affect private school atten-

dance.

In Table 2, I show the 2SLS results of 18 possible confounders. In Panel A, I use the main

sample to test individual-level characteristics. Five variables, whether the household head is

employed, total household income (in $1,000), whether the household is under 150% of the

poverty line, and indicators for minority and foreign born are not associated with the total

education funding per pupil. I find that ownership of dwelling is positively associated with
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education funding. However, the point estimate of 0.74 percentage points is very small com-

pared to the average of 69.5 percent before the Great Recession. Other important characteris-

tics such as employment of household head and total household income have little relation to

K-12 funding per pupil. Next, I test CPUMA level covariates in Panel B, including the median

house value and the number of children. Median house value is an important characteris-

tic as the Recession started from the collapse of the housing market, and reassuringly, it is

not associated with education funding. The number of children in all categories has little to

do with the funding. Lastly in Panel C, I test whether other state-level spending categories

were associated with state K-12 funding and (indirectly) affected private school enrollment.22

Because the identification strategy relies on the fact that the total tax revenue was lower in

no-income-tax states, the total expenditure increases when the education funding increases.

Nevertheless, the point estimate is small (241.7, or 2.8 percent). Spending on other categories

has little association with the total K-12 funding per pupil. Interestingly, higher education

spending per capita is also not correlated, meaning that K-12 and higher education funding

are determined under different mechanisms. Overall, the placebo tests support that my in-

struments can remove the income effects of the Great Recession and focus on the variation in

education funding.

IV.3 First Stage and Reduced-Form Results

In this subsection, I present the first stage and reduced-form results to confirm the relevance

of the instrumental variables using Equation 2. When estimating the first stage, I scale the per-

pupil public education appropriations to thousands of 2010 dollars. The result is presented

in Panel A of Figure 7. This figure displays the set of coefficients of state share, and the no-

22I collect the data from the Annual Survey of State and Local Government Finances (US Census Bureau
(2020), through Urban Institutes) and Medicaid expenditure reports from MBES/CBES (Centers for Medicare
and Medicaid Services). The state expenditure in 2002 and 2004 is not available, thus I exclude the years in the
Medicaid sample as well.
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income-tax indicator interacted with the year dummies, along with 95% confidence intervals.

All estimates are estimated relative to the base year of 2007. The regression includes the sets

of individual and household controls and CPUMA characteristics in 2000 interacted with time

trend (preferred specification).23 The first stage F-statistic is 28.4, which passes the weak IV

test threshold.

The figure shows that my identifying variation strongly predicts the extent of funding cuts.

The coefficients are generally larger for state share because their scales are different. The state

share is a continuous variable ranging from zero to one, while the no-income-tax indicator is

binary. The coefficient means that in 2013, a ten percentage points (0.1) increase in the state

share decreases the education budget by $510 per pupil, and states with no income tax have

$1,000 less education budget per pupil than states with income taxes. Considering the average

revenue per pupil before the recession, about $11,176, this is a very large impact. The funding

cuts induced by the Great Recession were long-lasting even after 2012 when the economy

bounced back to the pre-recession period. The funding cuts driven by the state share seem

to gradually fade out, and on the other hand, the coefficients for the no-income-tax indicator

stay stable as in Figure 6.

Panel B of Figure 7 demonstrates how exactly my instrumental variables are associated

with private school attendance. Interestingly, the patterns of point estimates match them

in the first stage. The increase in private school enrollment induced by the no-income-tax

indicator stay large and stable even after 2012. The point estimates for state share attenuate

to zero in 2016, which is consistent with an increasing trend from 2014 in Panel A.

Both panels in Figure 7 question the existence of the pre-trends.24 In fact, I can reject the

hypotheses of no pre-existing trends for both first stage and reduced-form. To address the

23Regressions with different specifications are available in the Appendix Figure A.9; however, there are no
noticeable differences.

24Excluding 2001-2004 makes it difficult to examine the pre-trends. However, even in Appendix Figure A.8,
the no pre-trends hypotheses are rejected.
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pre-trends, I follow an estimation suggested by Freyaldenhoven, Hansen and Shapiro (2019)

(FHS henceforward) with the state-level sample using a covariate as a proxy of a confounder

that induces the pre-trends. In Appendix Section B, I show the first stage and reduced form

results using four covariates. While none of the covariates can completely remove the pre-

trends in all four regressions, the point estimates in the post-period do not vanish and rather

gets larger when I adjust for the pre-trends. Thus, I argue that the pre-existing trends are not

the substantial confounders of my main results.

V Results

V.1 Main Results

I begin by estimating the main model presented in Equations 1 and 2 in Table 3, where the

outcome variable is the indicator for private school attendance. I multiply the coefficients

and standard errors by 100 to represent changes in private school enrollment in percentage

points. All specifications include the year and state fixed effects. In columns 1 to 4, the coef-

ficients are consistent and robust to the inclusion of controls, falling within the small range

of -0.424 to -0.584 percentage points. When I control for individual demographic character-

istics, the point estimate increases in magnitude by 0.035 percentage points (column 2). This

jump is consistent with the correlation between individual characteristics and private school

enrollment. Controlling for household and parental characteristics, the coefficient slightly in-

creases by 0.021 percentage points. I add the CPUMA characteristics in 2000 interacted with

time trends in column 4, and the point estimate increases by 0.084 percentage points (pre-

ferred specification). The magnitude of the impact is much larger (more negative) in 2SLS

regressions than OLS results (-0.120 to -0.137, see the Appendix Table A.6.), which means the
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OLS estimate is biased toward zero. In Appendix Table A.7, I estimate the treatment effect of

state-level K-12 appropriations per pupil. The point estimates are smaller than Table 3 and

less precisely estimated; nevertheless, show similar patterns.

In column 4, my preferred specification, the coefficient indicates that a $1,000 reduction in

public education appropriations per pupil in the CPUMA increases private school enrollment

by 0.58 percentage points. This represents a 8.95 percent decrease in the public education

budget and a 5.65 percent increase in private school enrollment, given that the mean of bud-

get and private school attendance was $11,176 and 10.34 percent before the Great Recession,

respectively. This implies the elasticity of the demand for private schools with respect to pub-

lic school funding is -0.63.25 Using this elasticity, I calculate that roughly 158 students in the

median CPUMA or 169,322 students in the US leave for private schools in response to a 5.3

percent funding shock, the average funding cut from 2007 to 2012.26

V.2 Comparison to Existing Literature

In this subsection, I compare the elasticity estimated in this paper (-0.63) to existing estimates.

Using a structural model, Goldhaber (1999) suggests an elasticity of -0.5.27 A more recent

study by Mavisakalyan (2011), a cross-country study with 80 countries, shows the elasticity of

-0.34, about half of mine.28 While they investigate different periods and regions, the cross-

25−0.63 = 5.65%
−8.95% . It means that a one percent decline in public education revenue increases private school

enrollment by 0.63 percent.
26The 5.3 percent decline in K-12 appropriations implies a 3.35 percent increase (-5.3×-0.63) in private school

enrollment. In the average CPUMA, there were 45,533 students before the Recession, and 10.34 percent of them
were in private schools. The back of the envelope calculation suggests that 158 students (= 45,533×10.34%×
3.35%) transfer to private schools in this state. We can do a similar calculation for the total school-aged children
in the US, 48,948,264.

27His estimate shows that a $1,000 (in 1983 dollars) increase in public school expenditure per pupil decreases
private school enrollment by 1.5 percentage points in the school district. Average private school enrollment is
4.64 percent in his sample, New York State in 1981, and the instructional revenue per pupil is $1,565.

28The point estimate suggests that a one percentage point increase in public education spending relative to
the country’s GDP decreases private school enrollment by -8.5 percent. Education spending accounts for 4.0
percent of US GDP in 2016 (Snyder, de Brey and Dillow, 2019), so a one percentage point increase corresponds
to a 25 percent increase in education spending. The estimated elasticity is -0.34 (-8.5/25).
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sectional instrumental variables used in these papers may not completely rule out reverse

causality and omitted variables, generating a smaller elasticity. Thus, I would expect estimates

to be biased toward zero like my OLS estimation.

A couple of papers examine the relationship between funding and private school atten-

dance using the School Finance reform (SFR) as an identification strategy. Husted and Kenny

(2002) utilize SFR started in the 1970s, finding elasticity of -0.5.29 Dinerstein and Smith (2021)’s

recent work using the SFR in New York City has the estimated elasticity of -0.84. In fact, this

paper estimates how an increase in public school funding through financial reform reduces

private school attendance.

My elasticity lies in the range of -0.34 to -0.84, estimates using different models and sam-

ples. Unlike most of these studies, especially ones using SFR, this paper examines the Great

Recession-induced funding cuts for public education, which is rather an extreme case of

funding changes. While it provides a chance to test the impact of massive funding cuts, using

it as identification raises the question of the extent to which my results are generalizable to

more typical funding changes. As stated above, it seems that my results are generalizable at

least direction-wise. It may be difficult to conclude my results are generalizable just by com-

paring with previous literature; nevertheless, it still provides an interesting and compelling

case study. Furthermore, although not as typical as SFR, it is very important to look into the

negative shock followed by major economic downturns because it may have a persistent effect

on the education market.

29They find 100 percent increase in state-level public education funding decreases private school enrollment
by 5 percentage points. The private school enrollment in their sample is 10 percent; the estimated elasticity is
-0.5.
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V.3 Possible Mechanism: Impact on Expenditures and Staffing

A subsequent critical question is whether students switch to private schools because of a de-

cline in the quality of public schools. A literature review by Jackson (2018) and Jackson and

Mackevicius (2021) point out that the causal effect of school funding is overwhelmingly sup-

ported by recent quasi-experimental works. JWX also finds a negative impact of school fund-

ing cuts on students’ academic performance in the similar period. To test whether my spec-

ification results in the same conclusion, I estimate the impact on outcomes that are related

to the real quality of education, similar to JWX’s analysis. To match the main specifications, I

aggregate relevant variables into the CPUMA level and estimate the impact of appropriations

per pupil with the 2SLS model.

In Panel A of Table 4, I first examine in which spending category was actually affected

by the funding cut. I regress the level of spending in each category: expenditure on the

total operation, instruction, capital, and student support. There are statistically significant

increases in all spending categories, except for capital spending. The impacts on total op-

erational, instruction and student support are all somewhat proportionate to the change in

revenue ($1,000 or 8.9 percent), from seven to eight percent. There is a small and insignifi-

cant impact on capital expenditure in column 3. This does not mean there was no decline

in capital investment. Instead, school districts that experienced relatively small funding cuts

also cut capital spending to secure instructional expenditure, especially when they expect a

long funding freeze. The result for capital expenditure is not consistent with JWX who find

a large effect on capital spending reduction in the same period because my IVs estimate a

different LATE.30 In particular, Baron (2019) finds that an increase in capital spending does

not improve student achievement compared to instructional expenditure, which implies that

30In fact, I get the same result with JWX when I follow their specification. Thus, I believe this discrepancy is
coming from that we are relying on different LATE.
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instructional spending is more critical to education quality.

Next, I examine compensations for teachers, an important characteristic correlated with

the quality of education (Card and Krueger, 1992). Although teacher salary and employee

benefits may not be directly visible to students and parents, higher monetary compensations

can attract productive teachers from other school districts or outside of the education market

and prevent competent teachers from leaving. In column 1 of Panel B, a $1,000 reduction in K-

12 revenue per pupil results in a statistically significant decrease in real average teacher salary

(total instructional salary expenditure divided by the number of teachers) by $1,641 or 2.6

percent. There is a strong impact on employee benefits for teachers in column 2, about $3,295,

or 17.8 percent. The result seems reasonable; it may be difficult to cut teachers’ salaries too

much, and thus the school districts curtail employee benefits, which are less salient, to save

expenses.

In Panel C, I examine whether the number of staff per 100 students declined during the

budget cut. Overall, the impact on the number of staff was not very large, except for instruc-

tional aides, a reduction in the ratio by 0.187 or 14 percent. The interpretation is analogous

to Panel B. It is difficult to reduce the number of teachers because of teacher unions (Young,

2011) or regulations to maintain a certain level of class size; thus, schools may let go of sup-

plementary employees to save expenses. Guidance counselors and librarians are also supple-

mentary compared to teachers; however, they often cover the entire school alone and may be

considered more essential than aides, leaving little room to reduce them. Thus, the coefficient

is close to zero and not statistically significant in columns 3 and 4.

Table 4 shows an overall decline in education quality. However, it is not clear whether this

change was visible to local residents. The decline in the number of staff may not be large

enough to be perceived, and parents may not exactly know the education expenditure in the

local school districts. While I cannot directly test how much parents were aware of this quality

20



decline, I provide some anecdotal evidence that the budget cut happened conspicuously. For

example, a report by American Federation of Teachers (2018) states that many school districts

suffered from overcrowded classrooms, outdated textbooks, broken-down buses and leaky

roofs, and a loss of critical staff such as nurses and guidance counselors. Schools also have

eliminated electives and shortened the school year, and more extremely, some school districts

in Oklahoma had to cut their school week down to four days. The funding cut was also heavily

covered by the local and national media, raising public awareness of the issue. While these

pieces of evidence are not perfect, I believe that parents may have felt the impending cuts.

V.4 Robustness Checks

In this subsection, I perform several robustness checks to examine the sensitivity of my re-

sults. In column 1 of Table 5, I aggregate the data to the state-year level, the level of variation,

and estimate whether my result is robust. The point estimate is smaller, but similar to column

1 of Appendix Table A.7. Column 2 controls for CPUMA specific linear time trend (ηp × t ).

Adding this term explicitly controls for any effects through differential trends across CPUMAs

and addresses potential pre-trend issues in education funding. The point estimate in column

2 is similar to the preferred specification, although I lose precision, implying that differential

trends cannot explain the main finding. In column 3, I add state Bartik controls introduced in

Jackson, Wigger and Xiong (2021) that predict unemployment rate and average wages using

pre-Recession industrial composition. I use state-level appropriations and realized expen-

diture in columns 4 and 5, respectively, showing little difference.31 In columns 6 to 8, I test

whether the point estimate is robust to using alternative definitions of the state share: five-

year average share, the share defined in 2000, and 1990, respectively. The share stayed very

31If there is a large discrepancy between K-12 budget and spending, for example, if the districts could take
on debt, then the negative impact of funding on private school enrollment is underestimated (biased upward).
In general, this is not the case for K-12 education because a balanced budget is highly recommended to school
districts and often required by law in some states and cities.
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stable from the school year 2000 to 2006, with a correlation coefficient over 0.9. Because some

states implemented SFR in the 1990s, the correlation between 1990 and 2006 is weaker, but

still over 0.6.32 Because of this high correlation, the point estimates stay almost the same in

columns 5 to 7. In column 9, I include New Hampshire and Tennessee in the no-income-tax

states because these states collect income tax only on interest and dividend income, but not

on labor income. The point estimate is almost identical to the preferred specification.

In Online Appendix, I perform several other robustness checks and address other possible

mechanisms: using alternative samples (Table A.8), alternative instrumental variables (Ta-

ble A.9), and lagged appropriations (Table A.10). I consider statewide private school choice

programs like voucher (Table A.11), number of public schools (Table A.12), and selective mi-

gration (Table A.14 and A.13) as alternative mechanisms. All of them suggest my results are

robust.

VI Heterogeneity in Effect

Preference for private schools is correlated with household SES (Brunner, Imazeki and Ross,

2010; Long and Toma, 1988). In addition, extensive research studies the relationship between

regional characteristics and private schools attendance, indicating that private school enroll-

ment depends on characteristics such as the poverty rate (Winkler and Rounds, 1996), the

share of minorities (Fairlie, 2002; Fairlie and Resch, 2002; Li, 2009) and immigrants (Betts and

Fairlie, 2003; Murray, 2016). Because parents’ preferences for private schools affect how sen-

sitive they are to public education funding (Sonstelie, 1979), these characteristics may affect

the magnitude of the treatment effect. In the following subsections, I empirically evaluate

how responses vary by household and regional characteristics .33

32See Appendix Figure A.6.
33Preference for private schools depends on other (unobservable) factors as well. Parents’ religious beliefs

and desire for disciplined education are examples. The listed characteristics here are the ones I examine in this
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VI.1 Heterogeneity by Age, Race, and Household Income

I start by examining heterogeneity by children’s age. Preference for private schools may vary

across age for various reasons: accessibility to private schools, parents’ belief in critical stages,

and experience in previous (public) schools (Goldring and Phillips, 2008). In columns 1 and

2 in Panel A of Table 6, I separately estimate the impact of K-12 revenue on private school

enrollment for elementary/middle and high school age. The estimate is larger for lower grade

students by 0.179 percentage points. However, the higher point estimate for younger age stu-

dents does not necessarily mean the effect is stronger for younger students as the two coeffi-

cients are not statistically different from each other.

Next, I consider race. Racial variation in private school enrollment is well-documented;

however, whether a particular racial group is more responsive to public school spending is

not evident. I examine heterogeneity by three race categories and present them in columns 3

to 5 of Panel A of Table 6. I find significant effects for whites and Hispanics. To be specific, a

$1,000 decline in public education funding per pupil increases private school enrollment by

0.659 and 0.537 percentage points for white and Hispanic students, respectively. The effect

on black students in column 5 is not statistically significant and different from columns 3 or

4. While the point estimates are similar between whites and Hispanics, a smaller baseline

mean of private school enrollment for Hispanics suggests the elasticity is larger for Hispanics.

The point estimates correspond to the elasticity of -0.562 and -1.046 for white and Hispanic

students, respectively. Back of the envelope calculation suggests 113,951 and 28,419 white and

Hispanic students were leaving for private schools in the country in response to -5.3 percent

funding shock from 2007 to 2012, respectively.34

paper.
34The total number of white, Hispanic, and black school-aged children before the Great Recession is

29,192,371 and 8,934,661, respectively.
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Similar point estimates for whites and Hispanics are interesting, implying it is not just

a white effect. While this is surprising, previous literature suggests that Hispanics have as

strong preferences for private schools as their white peers. Fairlie (2002) shows that increase

in the black population in the neighborhood induces Hispanic students to transfer to private

schools, and this “Latino Flight” is no weaker than “White flight”. Hispanic students also have

a high preference for Catholic schools and benefit more from them than white students (Evans

and Schwab, 1995; Neal, 1997). Thus, Hispanic students may have a strong preference for

private schools, making them leave for private schools when facing funding cuts.35

In columns 6 to 10, I divide the sample by household income and separately estimate

the impact of the K-12 budget. Household income percentile thresholds are defined by the

national income percentile each year. The results show evident heterogeneity in response to

budget cuts across income groups. The point estimate is small for column 10, the poorest

households because a large portion of the households in this group is never-takers of private

schools. The point estimate in this group is different from all other four groups. Although not

statistically different, it is interesting that the point estimate is larger in the middle-income

group (90-75th percentiles) than the richest. Private school enrollment was already high in

the richest group, some of which are never-takers of public schools, making the effect smaller

than middle-income households.36

Results in Table 6 imply that relatively high SES students can avoid the adverse effects of

the funding freeze by switching to private schools. Public school advocates criticize the gov-

ernment for reducing education funding because public schools reduce inequality (Johnson

and Jackson, 2019), and given my results, cuts for public school spending can have a broader

35In Appendix Section F, I use the Private School Universe Survey (PSS) to examine which types of schools are
most responsive by religious affiliation. The results reveal that Catholic schools are receiving more students than
other religious and nonsectarian schools. Hispanics also tend to switch to Catholic private schools too.

36When I divide the sample into two groups using the median, rich households are more responsive than poor
households (-0.78 vs. -0.43). The point estimates are statistically significantly different in 10 percent level.
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impact on inequality and intergenerational mobility than expected. In other words, while the

adverse effects of funding cuts on remaining students could be partially alleviated by high

SES students leaving for private schools (Akyol, 2016), inequality in student outcomes may

increase by directly affecting remaining students in public schools and by inducing some stu-

dents to opt-out from public schools.

VI.2 Heterogeneity by Regional Characteristics

Consistent with the literature, the flight to private schools is stronger for high SES households

(Table 6). In this subsection, I further examine whether regional characteristics reinforce this

flight. While findings in Table 6 imply that the overall student composition in the public sec-

tor may have changed, it does not necessarily mean that this leads to poor peer quality in

each school. If high SES students living in high SES areas (areas whose median SES is high)

are mostly leaving, then the compositional effect in each school is limited. The school-level

composition gets especially poorer when high SES students living in areas with high diversity

(or low median SES) leave the public system. I investigate the potential change in student

composition in public schools by exploring heterogeneity in effect by household income and

regional characteristics together. Three CPUMA level characteristics are used: poverty rate

and share of minority and foreign-born. In Table 7, I first divide the sample into high and

low CPUMA using the national means in 2000.37 To further assess who is leaving for private

schools in disadvantaged areas, I divide the sample one more time by household income.

Thus, four groups for each regional characteristic are separately estimated, and the results

are presented in Table 7.

Columns 1 and 2 divide the sample by the poverty rate (high and low poverty CPUMAs

37I divide the CPUMAs by their characteristics in 2000 to avoid any endogenous change happening together
with the change in the education budget.
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in columns 1 and 2, respectively). I then show the results of high and low-income families

in each area in Panels A and B, respectively. For example, Panel A in column 1 is the impact

on high-income families living in high poverty areas. The table also shows the p-value of

the difference in point estimates. When comparing the same income group in high and low

poverty CPUMAs, we can refer to the end of each panel. When comparing the income groups

within the same region, the corresponding p-value is presented at the bottom of each column.

I do the same analysis for minority and foreign populations in columns 3-6.

The point estimates are always larger for high-income families (Panel A) than low (Panel

B) in all columns, consistent with the results in Table 6. On the other hand, the impacts are

larger in disadvantaged regions (columns 1, 3, and 5) for both income groups, implying that

households in low SES areas are more responsive than people in high SES areas. Interestingly,

the point estimate is the largest for high-income families in high (disadvantaged) areas for all

three regional characteristics. In other words, the results show that high-income families in

low SES areas are responding to education funding cuts the strongest. The differences of point

estimates are significant for poverty and minority population, but not for foreign populations.

I also observe a similar pattern when I conduct the same analysis by CPUMA characteristics

and race, finding larger impacts for whites in low SES areas than other races (See Appendix

Table A.15). Together with Table 7, high-income and white families in low SES areas tend to

leave public schools when exposed to funding cuts for public education.

Schools in high SES areas are somewhat immune to this competition between public and

private schools. It may be that public schools in high SES areas are already resourceful relative

to their local private schools, or the teachers and the school administration in these schools

can more efficiently manage the financial hardships. Or, it may be that households with a very

high preference for public schools have already been sorted in these areas. This study cannot

answer why these school districts could be exempt from this competition, and it could be an

26



important topic for future research.

VI.3 Discussion on Heterogeneity Effects

Despite the significant point estimates in Table 6, the change in student composition in the

entire public sector is limited. For example, the back of the envelope calculation shows 113,951

white students left for private schools; however, it is only 0.39 percent of total white students.

My estimates suggest that funding cuts from 2007 to 2012 reduced the proportion of white

students in public school by 0.04 percentage points and increases Hispanic and black stu-

dents by 0.01 and 0.05 percentage points, respectively, which is almost negligible. While we

need not to concern about the negative change in student composition with this result, the

negative impact in neighborhoods and communities may be somewhat large when consider-

ing the results in Table 7. According to the estimates, the proportion of high-income students

in high poverty areas decreases by 0.16 percentage points, while the change is trivial in low

poverty areas. The average decrease in education funding is larger in high poverty areas ($770

vs. $354), and they are even suffering from losing wealthier students, a possible decline in peer

quality.38 Similarly, the proportion of rich students in high minority and immigrant areas de-

creases by 0.12 and 0.1 percentage points, respectively. These figures are non-negligible; the

fraction of Black students in public schools increased by 0.9 percentage points from 1970 to

1980 in California after the famous school finance reform following Serrano I and Serrano II.

My findings suggest that funding cuts may have reduced diversity among public school

38Here is the number of students in each category in columns 1 and 2 in Table 7. Numbers in the parentheses
are percent in private schools.

High Poverty PUMA Low Poverty PUMA

High Income HH 10,173,153 (14.93%) 14,043,554 (14.09%)
Low Income HH 15,516,839 (5.798%) 9,214,719 (7.187%)

I estimate the number of students left for private schools using the point estimates in Table 7 and calculate the
change in share in public schools using the numbers in the table above.
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students. While the impact of diversity on students’ academic outcomes may be ambiguous

(Dills, 2018; Mar, 2018), it has positive effects on behavioral and social outcomes (Boisjoly

et al., 2006). In addition, the composition change can be one channel amplifying the effects

of school resources because of peer effects. If high SES students who flee to private schools

tend to be high achievers as well, the performance of low-scoring children remaining in public

schools would be especially undermined (Akyol, 2016; Dills, 2005). Therefore, we should take

this into account when we interpret the impacts of public education spending on students in

public schools; otherwise, the effect of funding may be overstated.

VII Conclusion

Private schools serve a significant portion of students in K-12 and play an essential role in

improving education quality by providing an alternative and inducing competition. Parents

often choose private schools because they believe private schools are better resourced than

public schools. Considering this, a shock to the public school budget may influence parents’

choice to enroll their children in private schools. Understanding how sensitive students are

to public school funding is important for policymakers to make an informed decision on K-12

spending, one of the largest government expenditures.

By leveraging the education funding cuts caused by the Great Recession, I find robust evi-

dence that private K-12 enrollment is responsive to public education resources. I separate the

impact of the funding cuts from that of the Great Recession by exploiting two plausibly ex-

ogenous sources of variation, the share of state-appropriated funds for K-12 and an indicator

for no-state-income-tax in a given state. I combine these two sources with the timing of the

Great Recession in an event study framework and use the event study interaction terms as the

instruments for the local K-12 revenue per pupil.
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I find that a $1,000 decrease in public education budget per pupil increases private school

enrollment by 0.58 percentage points, implying the elasticity is -0.63. A decline in public

schools’ perceived quality represented by the instructional spending and spending per teacher

seems to be a likely mechanism. Moreover, the impact of funding cuts is concentrated within

white and Hispanic students and high- to middle-income households. I also show that high

SES children are responsive especially when they live in disadvantaged areas. My heterogene-

ity results shed some light on how public school funding increases inequality through school

choice and change in student composition.

Finally, the Great Recession has an important lesson in handling the current economic cri-

sis caused by COVID-19. We are already experiencing another financial shock for K-12 educa-

tion due to the pandemic. It has been only a few years since the schools have fully recovered

from the Great Recession, and another cut may result in devastating impacts. Anecdotal evi-

dence shows that wealthy families already have left for private schools that were under fewer

regulations and have greater resources to deal with remote classes than local public schools.

This is especially critical during the COVID crisis where public schools physically shut down,

and if some private schools can avoid this, it could lead to a striking learning inequality.
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Figures

Figure 1: Real Total K-12 Appropriations Per Pupil and Growth Rate
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Notes: Data from the Common Core of Data (CCD) of the National Center for Education Statistics (NCES). Data
aggregates the K-12 appropriations in 50 states and divides it by the full-time equivalent enrollment. The appro-
priations per pupil are adjusted for inflation (in 2010 dollars). The orange dash line depicts the annual growth
rate of the appropriations per pupil in percent. Shaded areas represent recessions retrieved from the Bureau of
Economic Analysis. The Great Recession is marked with a darker shade. The figure presents that the growth rate
of education appropriations per pupil decreases during or after recessions, and the Great Recession is followed
by an unprecedented cut that lasted for almost a decade.
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Figure 2: Change of Appropriations Per Pupil from 2007 to 2012
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Figure 3: Trend of Private School Enrollment Relative to 2007 by the Magnitude of Funding
Change
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Notes: The figure shows the trend of private school enrollment relative to 2007 separately by large and small
budget cut states using the Census and ACS. Large cut states are 25 states with a growth rate below the median
(-5 percent). Small budget cut states include 16 states with positive growth. The mean private school enrollment
has no difference relative to the 2007 level before the Great Recession. After the recession, while both groups of
states had experienced a decline in private school enrollment, there is a smaller decline or a relative increase in
large cut states.
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Figure 4: Trend of Appropriations Compared to 2007, by Sources
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Notes: This figure shows the trend of the change in public education appropriations by source. I calculate the
dollar difference from the school year 2007-2008 level by sources to show how the budget had changed over time
since the start of the Great Recession. All monetary values are in 2010 dollars.

Figure 5: Relation Between State Share and Change in Funding
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standard error is 9, significant in 1% level.
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Figure 6: Trend of K-12 Funding Compared to 2007, by State Share and Income Tax Status
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(b) By Income Tax Status
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Notes: Panel A shows the trend of the mean tax revenue per capita relative to FY 2007 in two groups of states
(states with and without an individual income tax). The mean of each group is the weighted mean with state
population in 2000. Panel B shows the trend of mean K-12 funding per pupil relative to FY 2007, also weighted
with the school-aged population in each state in 2000. All monetary values are in 2010 dollars.
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Figure 7: First Stage and Reduced Form Results
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Notes: N=8,095,073. The first stage result in the most preferred specification (including the full sets of controls)
is presented in this figure. I display the coefficients of interaction terms of year dummies and state share, and
income tax status (βk ’s and γk ’s) along with 95% confidence intervals. F-statistics of the instrument variables
are 28.396 and 18.825 for Panels A and B, respectively. The state share is a continuous variable from 0 to 1
representing the contribution of state-distributed revenue to the total education revenue, and the no income tax
indicator is a binary indicator. 2001-2004 ACS are excluded from the sample because CPUMA is not identified
in these years. See the notes of Table 3 for further information on the controls. Standard errors clustered at
the state level. See Appendix Figure A.8 for the results, including 2001-2004. See Appendix Figure A.9 for other
specifications.
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Tables

Table 1: Summary Statistics in the Pre- and Post-Recession Periods

Pre-Recession Post-Recession

State Share Income Tax State Share Income Tax

All states High Low No Yes All states High Low No Yes
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Panel A. Private School Enrollment
All 10.34 9.10 10.91 8.17 10.79 9.89 8.88 10.35 8.02 10.32
Age 6-13 11.03 9.80 11.60 8.80 11.50 10.23 9.26 10.68 8.39 10.66
Age 14-17 8.99 7.73 9.58 6.95 9.42 9.21 8.12 9.71 7.27 9.65
Race: white 13.11 11.70 13.69 11.71 13.35 13.13 12.00 13.59 12.10 13.30
Race: Hispanic 5.74 4.81 6.02 4.15 6.04 5.72 4.65 6.03 4.54 5.97
Race: black 5.24 4.66 5.63 4.17 5.66 4.93 4.36 5.29 4.36 5.18
Income: >90 23.97 23.09 24.37 24.05 23.96 22.55 22.05 22.76 22.12 22.62
Income: 90-75 14.05 13.12 14.51 11.53 14.47 12.76 12.34 12.96 10.09 13.25
Income: 75-50 10.25 8.96 10.90 7.64 10.70 9.58 8.66 10.02 7.61 9.97
Income: 50-25 7.15 5.81 7.86 5.13 7.56 6.92 5.86 7.46 5.40 7.27
Income: <25 4.90 3.86 5.39 3.55 5.22 5.13 4.03 5.64 4.02 5.42

Panel B. K-12 Appropriations per pupil
Appropriations per pupil ($) 11,176 10,131 11,662 10,035 11,416 12,055 10,564 12,739 10,305 12,456
State Share 0.47 0.60 0.41 0.42 0.47 0.45 0.57 0.40 0.42 0.45

Panel C. Covariates
Female 0.49 0.49 0.49 0.49 0.49 0.49 0.49 0.49 0.49 0.49
Number of Siblings 1.47 1.52 1.44 1.46 1.47 1.50 1.53 1.48 1.50 1.50
Age 11.56 11.55 11.56 11.53 11.56 11.53 11.53 11.53 11.48 11.54
Foreign Born 0.06 0.07 0.06 0.09 0.06 0.06 0.06 0.06 0.08 0.05
White 0.60 0.55 0.62 0.50 0.62 0.54 0.50 0.56 0.42 0.57
Black 0.15 0.11 0.16 0.13 0.15 0.14 0.10 0.16 0.13 0.14
Hispanic 0.18 0.23 0.16 0.30 0.16 0.23 0.28 0.21 0.36 0.20
Household Income 80,866 80,039 81,250 75,611 81,971 81,565 80,304 82,144 75,713 82,904
Two Parents 0.70 0.71 0.69 0.69 0.70 0.69 0.70 0.68 0.68 0.69
One Parent 0.26 0.24 0.26 0.26 0.25 0.27 0.26 0.28 0.28 0.27
Observations 3,934,887 1,242,884 2,692,003 667,281 3,267,606 4,160,186 1,307,325 2,852,861 756,619 3,403,567

Notes: This table presents the averages of variables before and after the Great Recession. I divide the states with high and low shares (cut off 0.54) and states without and
with income tax. Subgroups of Panel A have smaller observations.
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Table 2: Placebo Test in 2SLS

(1) (2) (3) (4) (5) (6)

Panel A. Individual Level Covariates
HH Head Employed HH Income <150% Poverty Line Owns Dwelling Minority Foreign Born

App per pupil ($1,000) 0.0019 0.6294 0.0007 0.0074∗∗ -0.0057 0.0048
(0.0028) (0.5950) (0.0037) (0.0032) (0.0039) (0.0029)

0.797 80.868 0.280 0.695 0.404 0.064

Panel B. CPUMA Level Covariates (in thousands)
Median House Value Num of Children Num of Whites Num of Hispanics Num of Blacks Num of Poverty

App per pupil ($1,000) 5.4037 -0.0044 0.0002 -0.0038 -0.0008 -0.0022
(7.3743) (0.0035) (0.0010) (0.0030) (0.0006) (0.0018)
230.578 0.131 0.075 0.027 0.019 0.037

Panel C. State Spending per Capita (in $1,000)
Total Expenditure Higher Education Health Medicaid Welfare UI Benefits

App per pupil ($1,000) 241.6829∗∗ -9.4016 -11.4831 -7.8111 6.4424 8.1383
(93.2899) (16.0679) (14.2180) (44.3795) (42.4259) (7.5376)

8,656 663 245 970 1,248 123

Notes: Panel A: N=8,095,073, first stage F-stat=36.21. Panel B: N=13,975, first stage F-stat=33.72. Panel C: N=750, first stage F-stat=20.20. The dependent variables of the
regressions are indicated in the column title. Panels A, B, and C are at the individual, CPUMA, and state levels, respectively. Panel C uses state-level appropriations per pupil.
Each entry is a coefficient from a separate 2SLS regression of the dependent variable on real K-12 appropriations per pupil in the CPUMA (in thousands of 2010 dollars). The
instruments are the sets of interaction terms of state share and no state income tax status interacted with year dummies. Regressions are weighted using sample weights,
schoolchildren population of CPUMA in 2000, and population in 2000, respectively, in Panels A, B, and C. All monetary values are in real term (in 2010 dollars) and in
$1,000. Panels A and B are from the ACS and Census. Data of Panel C comes from the Annual Survey of State and Local Government Finance (US Census Bureau (2020),
through Urban Institutes). Medicaid expenditure data is from the Centers for Medicare and Medicaid Services. Robust standard errors are in parentheses clustered by state.
* significance at 10%; ** significance at 5%; *** significance at 1%.
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Table 3: Main Effects on Private School Enrollment

Dependent variable: private school enrollment(in percentage point)

(1) (2) (3) (4)

App per pupil ($1,000) -0.424∗∗∗ -0.479∗∗∗ -0.500∗∗∗ -0.584∗∗∗

(0.154) (0.155) (0.158) (0.153)
First Stage F-Stat 36.21 36.24 36.10 32.93
Individual Controls Yes Yes Yes
Household Controls Yes Yes
Baseline CPUMA Controls × Time Trend Yes
Notes: N=8,095,073. This table reports the estimates of the impact of K-12 appropriations per pupil on private
school enrollment using Equation 1. Each entry is a coefficient from a separate regression. The coefficients are
rescaled to represent private school enrollment in percentage points. All regressions are estimated with the 2SLS
model using Equation 2 as the first stage. The instruments are the sets of interaction terms of state share and
no state income tax status with year indicators dummies. See the main text for further information. The K-12
appropriations per pupil are adjusted for inflation in 2010 dollars and scaled in $1,000. All specifications include
students’ age in the full set of dummy variables with state and year fixed effects and controls described in the
table. Individual controls include race, sex, number of siblings, and an indicator for limited English proficiency
and foreign-born. Household controls include the log of total household income, parental characteristics such
as education, race, foreign-born indicator, employment status, and the presence of parents 1 and 2. CPUMA
controls include the share of minority, foreign-born, limited English speaking population, and under 150% of
the poverty line at the state level, and the number of school-aged children. I interact these characteristics in 2000
with the time trend. Regressions are weighted using sample weights from the Census and ACS. Robust standard
errors are in parentheses clustered by state. * significance at 10%; ** significance at 5%; *** significance at 1%.
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Table 4: Impact on Staff and Expenditure Categories

(1) (2) (3) (4)

Panel A. Expenditure per pupil
Total Student

Operational Instruction Capital Support
App per pupil ($1,000) 653.6∗∗∗ 428.9∗∗∗ 33.39 36.37∗∗

(66.14) (60.62) (55.58) (15.57)
9362 5791 1266 462

Panel B. Expenditure per teacher
Salary Employee

Benefits
App per pupil ($1,000) 1641.5∗ 3295.4∗∗∗

(890.6) (743.9)
64,208 18,488

Panel C. Staff per 100 students
Guidance Library

Teacher Aides Counselor Staff
App per pupil ($1,000) 0.0277 0.187∗∗∗ 0.0062 0.0108

(0.111) (0.0622) (0.0047) (0.0096)
6.153 1.318 0.204 0.155

Notes: N=18,273. First stage F-stat = 29.56. The unit of observation is CPUMA. Dependent variables are indicated
above the point estimates. The instruments are the sets of interaction terms of state share and no state income
tax status with year indicators dummies. All regressions include year and CPUMA fixed effects and CPUMA con-
trols in 2000 interacted with year. Regressions are weighted using the schoolchildren population of the CPUMA
in 2000. Robust standard errors are in parentheses clustered by state. The means of the dependent variables
before the Regression are in italics below the standard errors. * significance at 10%; ** significance at 5%; ***
significance at 1%.
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Table 5: Alternative Specifications

Dependent variable: private school enrollment(in percentage point)

Alternative Appropriations Alternative definition of state share and NT

State Level State linear Bartik State CPUMA 5-yr avg 2000 1990 Add NH,TN
Mean time trend Controls App Expenditure state share state share state share in NT states

(1) (2) (3) (4) (5) (6) (7) (8) (9)

App per pupil ($1,000) -0.349∗ -0.614∗ -0.595∗∗∗ -0.530∗∗∗ -0.620∗∗∗ -0.580∗∗∗ -0.530∗∗∗ -0.593∗∗∗ -0.584∗∗∗

(0.174) (0.309) (0.150) (0.186) (0.178) (0.157) (0.141) (0.187) (0.153)
First Stage F-Stat 16.26 . 19.15 11.27 19.33 21.82 18.77 22.93 32.93
Observations 850 8,095,073 8,095,073 8,095,073 8,095,073 8,095,073 8,095,073 8,095,073 8,095,073

Notes: Each entry is a coefficient from separate 2SLS regressions of the private school enrollment on real K-12 appropriations per pupil in CPUMA (in thousands of 2010
dollars). The coefficients are rescaled to represent private school enrollment in percentage points. The instruments are the sets of interaction terms of state share and no
state income tax status with year indicators dummies. All regressions include year and CPUMA fixed effects and sets of controls in column 4 of Table 3. Regressions are
weighted using sample weights from the Census and ACS. Robust standard errors are in parentheses clustered by state. In column 1, I collapse the sample to the state level
and estimate the impact of state-level appropriations per pupil on the mean of private school enrollment. No other control variable is added. Column 2 includes a linear
time trend of states (ηps × t ). F-statistic of the first stage is not estimated due to high collinearity. In column 3, I add state Bartik controls predicting unemployment rates and
average wages using industrial composition before the Recession. In column 4, I use state appropriations instead of CPUMA. In column 5, I use realized CPUMA expenditure.
Columns 6-9 use alternative definitions of the state share and no-income-tax. In column 5, I use the average state share from 2002 to 2007. Columns 7 and 8 use state shares
in 2000 and 1990, respectively. In column 9, I add New Hampshire and Tennessee to no income tax states. * significance at 10%; ** significance at 5%; *** significance at 1%.
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Table 6: Heterogeneity in Effect by Age, Race, and Household Income

Dependent variable: private school enrollment (in percentage point)

Age Race Household Income

6-13 14-17 White Hispanic Black >90 90-75 75-50 50-25 <25
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

App per pupil ($1,000) -0.646∗∗∗ -0.467∗∗∗ -0.659∗∗∗ -0.537∗∗∗ -0.146 -0.454∗∗ -0.842∗∗∗ -0.974∗∗∗ -0.656∗∗∗ -0.232∗

(0.184) (0.131) (0.228) (0.115) (0.156) (0.225) (0.278) (0.249) (0.147) (0.117)
10.98% 8.75% 12.40% 5.57% 5.52% 22.98% 13.70% 10.08% 7.44% 5.20%

First Stage F-Stat 30.35 32.57 21.96 43.01 14.56 15.18 23.89 45.20 11.72 14.89
Observations 5,335,982 2,759,091 4,989,117 1,454,688 955,404 838,280 995,395 1,482,107 1,258,325 1,926,443
Notes: Each entry is a coefficient from separate 2SLS regressions of the private school enrollment on real K-12 appropriations per pupil in CPUMA (in thousands of 2010
dollars). The coefficients are rescaled to represent private school enrollment in percentage points. The instruments are the sets of interaction terms of state share and no
state income tax status with year indicators dummies. All regressions include year and CPUMA fixed effects and controls as in column 4 of Table 3. Regressions are weighted
using sample weights from the Census and ACS. Robust standard errors are in parentheses clustered by state. The sample is divided by age and race, respectively in columns
1-2 and 3-5. Columns 6-10 divides the sample by the household income. I use the national percentile in each year to define the subsamples. Means of the private school
enrollment of each group in the pre-recession period are in italics below the standard errors. * significance at 10%; ** significance at 5%; *** significance at 1%.
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Table 7: Heterogeneity by CPUMA Characteristics and Household Income

Dependent variable: private school enrollment (in percentage point)

Poverty Minority Population Foreign Population

High Low High Low High Low
(1) (2) (3) (4) (5) (6)

Panel A. High income households
App per pupil ($1,000) -1.203∗∗∗ -0.511∗∗∗ -1.170∗∗∗ -0.464∗∗ -0.879∗∗ -0.424∗∗∗

(0.349) (0.181) (0.308) (0.194) (0.341) (0.154)
p-value of difference 0.0133 0.0240 0.1673

14.93% 14.09% 16.72% 12.99% 15.38% 13.86%
First Stage F-Stat 16.62 36.34 65.93 20.90 382.67 22.88
Observations 1,737,279 2,400,000 1,537,126 2,600,153 1,520,182 2,617,097

Panel B. Low income households
App per pupil ($1,000) -0.501∗∗∗ -0.387∗∗ -0.722∗∗∗ -0.0953 -0.634∗∗∗ -0.147

(0.132) (0.155) (0.185) (0.170) (0.220) (0.140)
p-value of difference 0.4633 0.0085 0.0602

5.80% 7.19% 5.84% 6.77% 5.71% 6.68%
First Stage F-Stat 17.27 15.01 36.37 15.75 89.97 21.87
Observations 2,489,307 1,468,487 1,819,671 2,138,123 1,406,057 2,551,737

p-value of difference
of panel A and B 0.0403 0.4171 0.1116 0.0164 0.2443 0.1490
Notes: Each entry is a coefficient from separate 2SLS regressions of the private school enrollment on real K-12 revenue per pupil in CPUMA (in thousands of 2010 dollars).
The coefficients are rescaled to represent private school enrollment in percentage points. The instruments are the sets of interaction terms of state share and no state
income tax status with year indicators dummies. All regressions include year and CPUMA fixed effects and the full sets of controls, as in column 4 of Table 3. Regressions are
weighted using sample weights from the Census and ACS. Robust standard errors are in parentheses clustered by state. The sample is first divided into two groups by CPUMA
characteristics presented in the title of each column. High and low is defined by whether the mean in CPUMA in 2000 was higher or lower than the national average in 2000.
Then, I divide each group by the household income percentile and display them in Panels A and B. Thus, each regional characteristic has four subgroups. The p-values of
the difference in coefficients of the same income group in high and low CPUMAs are presented below the estimates (column difference). p-values of the difference between
different income groups in the same area are also presented at the bottom of the column. Means of the private school enrollment of each group in the pre-recession period
are in italics below the standard errors. * significance at 10%; ** significance at 5%; *** significance at 1%.
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Online Appendix

A School District and CPUMA Crosswalk

District-level CCD data contains districts that are not credible and suitable for the research.

I first eliminate vocational, special education, and education service agency districts. This

drops 1 percent of the sample and 0.27 percent of the total enrollment. Then, I follow Lafor-

tune, Rothstein and Schanzenbach (2018) to eliminate tiny district-year observations and ob-

servations with suspicious enrollment and funding growth. I remove district-year observa-

tions with less than 100 enrollment, which drops 8 percent of observations or 0.12 percent

of the enrollment. I then drop observations with negative funding or less than 20 percent

or greater than 500 percent of the state average funding (0.21 percent of observations, 0.04

percent of enrollment) and singleton districts (0.16 percent of observations, 0.03 percent of

enrollment). I also remove district-year observation with enrollment (1) more than twice of

the district average in the sample, (2) more than 15 percent above or below the prior year, and

(3) more than 50 percent above or below the predicted trend of enrollment. Eight percent of

observations and 0.11 percent of enrollment are dropped. Finally, I remove charter school dis-

tricts, which account for 9 percent of observations and 1.3 percent of the enrollment. My final

sample excludes 26 percent of district-year observations and 1.87 percent of total enrollment.

The smallest geographical unit identifiable is the PUMA (Public Use Microdata Area) in the

publicly available Census and ACS. Throughout this paper, I use Consistent PUMA (CPUMA),

an aggregate of contingent PUMAs to make the boundaries consistent over time. PUMA

is based on the population; each PUMA should have at least 100,000 population. Because

PUMAs are based on population, they are sometimes very small areas in populated cities.

There are slightly more than 2,000 PUMAs, while 15,000 to 16,000 school districts in the US.

Matching school districts to PUMAs or CPUMAs is difficult because 1) school district bound-

aries slightly change every year, and 2) school districts and PUMAs are based on different ge-

ographical units. While PUMAs are based on population, school districts are usually defined

within a county, a city boundary, or a commuting zone. Therefore, a single school district may

contain several CPUMAs in a large metropolitan area. For example, Austin, Texas, comprises

more than ten PUMAs, while most public schools are under Austin Independent School Dis-

trict. In most parts of the country, however, CPUMAs are larger than the school districts and

consist of several (Appendix Figure A.5). To match the school district to CPUMAs, I use the
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geocoordinates of school district offices. To be specific, I do the following:

1. Match geocoordinate of the school district office to PUMA.

2. Aggregate all matched school districts into PUMA level.

3. For PUMAs with no matched school district, use the average in the MPUMA level.39

4. Using the matched PUMA level finance data, take a weighted average of PUMAs to con-

struct CPUMA level data.

The CCD provides the geocoordinates of school districts from 2005 to 2014. For the rest

of the years, addresses are only available. Using Google and Bing map, I retrieved the latitude

and longitude of school district offices in the remaining years. I identify the PUMA on which

each school district office lies using QGIS and then construct PUMA level total funding and

expenditure and public school enrollment. In most cases, several school districts fit in a single

PUMA; in other words, most PUMAs have at least one matched SD. This is largely true for less

populated rural areas or small cities. However, this is not the case for some metropolitan ar-

eas. The east coast of Florida, for example, is served by large pockets of school districts, while

this area is divided into a couple of small PUMAs. For these PUMAs without any matched

school district, I use MPUMA level financial and enrollment data instead.40 Then, I estimate

the average of constitutive PUMAs weighted by population and construct CPUMA level fi-

nance information.41

There are a few adjustments that I made. First, some school districts are aggregated into

one district in the CCD finance file. Hawaii and New York City school districts are divided into

several districts and zones in practice; however, the state and the city report their financial

data as a united school district to CCD. I assign all PUMAs in Hawaii and New York City to

the same school district to adjust this. Second, three PUMAs in Louisiana are combined into

one PUMA from 2006 to 2011 because the population went below 100,000 in each PUMA after

Hurricane Katrina. Therefore, I combine these three PUMAs to one in 2000 and 2005 and

define a new PUMA to make it consistent over time.

39Migration PUMA (MPUMA) resembles commuting zones and is used to identify the place in which the re-
spondent lived in the previous year (if migrated) and working area.

40There is at least one matched school district in all MPUMAs as they represent commuting zones.
41I take a weighted average of PUMAs instead of directly matching SDs to CPUMAs because it is difficult to

determine the MPUMAs for some CPUMAs.
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B Potential Pre-Trends

The first stage and reduced form results in Figure 7 raise pre-existing trend problem, although

excluding 2001-2004 makes it difficult to interpret. In Appendix Figure A.8, the pre-trends

seem to be quite evidence. The p-value of the joint hypothesis test of pre-event coefficients

for both first stage and reduced form is less than 0.01, suggesting the existence of pre-trends.

While I cannot remove the trend, I follow Freyaldenhoven, Hansen and Shapiro (2019) (FHS)’s

suggestion to address the pre-trends. In their paper, they show that unobservable confounds

can induce pre-trends in the event study model, and including the covariates correlated with

the confounds in a 2SLS framework may eliminate the pre-trends. The true treatment (policy)

effect can be estimated with a 2SLS estimator using the leads of the policy variable as the ex-

cluded instrument for the covariate. FHS’s setting requires panel event study design, so I use

the state-level aggregated sample. Furthermore, because the FHS model does not allow mul-

tiple treatment variables, I separately estimate using state share and no-income-tax indicator

for the treatment.42

I choose four covariates: log of labor population, the share of local revenue (of total rev-

enue), Bartik prediction of the unemployment rate, and share of foreign population. I have

four event study estimates to test, first stage and reduced form with state share and no-income-

tax indicator treatment variables. Labor population and Bartik unemployment are relevant to

the economic conditions of the state. The share of local revenue represents how large the

local governments are (compared to state government), which affects the state share and ed-

ucation funding. Share of foreign born population proxies the demographic distribution of

the state. In the first row of Appendix Figure A.10, I present the event study results of the

covariates using the treatment variables. Ln(Labor Population) does not show pre-trends for

the state share, but the rest of the results seem to have pre-trends (and post-trends). The

rest of the four figures in each panel present the pre-trend adjusted result. Unfortunately, I

could not find a covariate with pre-trends and removing pre-trends from all four estimates.

Pre-trends for state share are mostly addressed. On the contrary, I find two covariates that

remove pre-trends of no-income-tax indicator in the first stage and two in the reduced form:

ln(labor population) and Bartik unemployment rate remove the pre-trends in the first stage

while share of local revenue and share of foreign population do in the reduced form. The exact

42FHS provide a stata package xtevent, however, I do not use it because it does not allow regression weights. I
instead emulate their 2SLS estimators in Freyaldenhoven, Hansen and Shapiro (2019) using the first lead of the
treatment variable.
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point estimates are available in Appendix Table A.3.

In Appendix Table A.4, I summarize the FHS estimators together with the four separate

main results. In columns 3 and 6, I take the ratio of the first stage and reduced form that

suggests the size of the 2SLS estimator. The ratio for state share treatment (column 3) is -

0.472, and the p-value of the joint hypothesis test for pre-event estimators does not reject no

pre-existing trends for both first stage and reduced form. The ratio of -0.472 also lies in [-

3540, -0.390]. There are pre-trends for the no-income-tax indicator in columns 4 and 5. While

I could not find a covariate that removes pre-trends in both the first stage and reduced form,

I find two covariates for first stage and reduced form that remove pre-trends, respectively.

Panel B and D adjust the pre-trends in the first stage and C and E in reduced form. The ratio

of -0.352 of the main result seems to be overestimated by the pre-trends. When first-stage

pre-trends are adjusted, the average coefficients get larger, while it is similar for reduced-

form. For Panel B and D, the average point estimators for both the first stage and reduced

form rather get larger, as in Appendix Figure A.10, and the smaller ratio is the consequence of

the disproportional adjustments. Thus, I show that the post-period estimates do not vanish

even after eliminating pre-trends using FHS estimator, arguing that pre-existing trends are

not the major confounders of my main results.

C Complier Characteristics

My instrument variable strategy identifies the local average treatment effect (LATE) for states

which reduced their total K-12 funding per pupil because they had been relying heavily on the

state budget and do not collect income taxes, but would not have reduced education funding

if their state reliance was small and had imposed income taxes. In other words, the LATE

shows the impact driven by “complier” areas. The compliers may be a set of areas with par-

ticular characteristics, thus not random, making the LATE context-specific. While compliers

cannot be individually identified, it is easy to describe the distribution of compliers’ charac-

teristics (Angrist and Pischke, 2008).

In Table A.5, I compare the characteristics of complier CPUMAs to the entire sample. Fol-

lowing Angrist and Fernández-Val (2013); Angrist and Pischke (2008)’s methodology, I define

two binary instrument variables Z1i and Z2i , high state share (above 0.54) and no income

tax indicators interacted with post-Recession indicator. Angrist and Pischke (2008) show that

the IV estimate with multiple exclusive instruments is a linear combination of the LATE us-
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ing each instrument. The two instruments are not mutually exclusive; thus, I redefine three

mutually exclusive instrument variables (Z1(1−Z2), (1−Z1)Z2, Z1Z2) and use them as instru-

ments. Binary treatment status Di equals one if the total K-12 funding per pupil in the CPUMA

exceeds the national average funding in the same year, while 0 and 1 denote potential out-

comes. Thus, D1i > D0i indicates the compliers. When estimating E [X1i |D1i > D0i ], I use

Abadie (2003)’s kappa-weighting scheme.43 I choose ten covariates in Table A.5. Except for

the number of school-aged children, it seems that compliers are very similar to the entire

population. This is true for both of the instruments. Reassuringly, the result in Table 2 shows

that the number of total children is not associated with education funding per pupil.

D Additional Robustness Checks

D.1 Alte rnative Sample

In Table A.8, I estimate the impact of education appropriations per pupil in different samples.

First, I include Washington DC in the sample in column 1. My main sample excludes DC be-

cause DC’s state share is zero by definition. Although DC constitutes about 0.13 percent of

total observation, including DC may change the result because it is such an outlier. The point

estimate is about 0.02 percentage points smaller than the main model. In column 2, I restrict

the sample to 2000-2012 to examine whether the effect is driven by the later years that are less

affected by the Great Recession. The point estimate is smaller only by 0.07, supporting that

the change right after the Great Recession is the difference that I am identifying. In column

3, I remove the dropouts, and because this group is less likely to enroll in private schools, the

point estimate slightly increases. Columns 4 and 5 compare native-born and foreign-born

students and find that the impacts are larger for native students, although not statistically dif-

ferent. Next, in columns 6 to 9, I remove some states that may respond differently to the fund-

ing shock. First, I exclude Florida and Nevada because they are two states without income

tax known to have a very large decline in property values during the Great Recession. Next, I

remove the two largest states among no income tax states, Florida and Texas. In column 8, I

43Abadie (2003) shows a generalized method to estimate the distribution of covariates for compliers. To be
specific,

E [Xi |D1i > D0i ] = E [κi Xi ]

E [κi ]
,

where

κi = 1− Di (1−Zi )

1−P (Zi = 1|Xi )
− (1−Di )Zi

P (Zi = 1|Xi )
.
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remove California and Texas from the sample because of their unique funding schemes. Cal-

ifornia’s Proposition 98 guarantees a minimum amount of education funding from the state’s

General Funds and local property taxes, making education funding less volatile. Texas state

education agency redistributes the locally raised tax from wealthy to poor school districts un-

der Chapter 49 (well known as Robin Hood Plan). Thus, the state appropriated funding may

be more stable because part of it is coming from local tax revenue. I also exclude Alaska in

column 9 because Alaska does not collect either income or sales tax.44 Estimates in columns

6-9 are all smaller than the main result; however, none of them are statistically different. Fi-

nally, I remove the top 10 percent CPUMAs in private school enrollment in 2000 in column 10

to test whether the impact is concentrated in certain areas with high access to private schools.

The point estimate in column 10 is smaller than the main estimate because I remove the most

responsive areas; however, it is not statistically different from the main result, implying the

impact is still found in less responsive areas.

D.2 Alternative IVs

I try alternative instrumental variables to examine the robustness of the IV used in the paper.

In the main analysis, the instrumental variables are the state share and the no-income-tax in-

dicator interacted with year indicators, taking 2007 as the base year. I consider the event study

framework, which is more flexible, and thus more appropriate than the traditional difference-

in-differences because the treatment effect changes over time (Figure 7).

In Table A.9, I test whether my results stay consistent with the specification of instrumen-

tal variables. In column 1, I use traditional difference-in-differences variables, Ss ×Postt and

N Ts ×Postt , as the instruments. The point estimate is larger than the main analysis, by 0.06

percentage points. This could be partly interpreted as households "predicting" funding cuts

and responding accordingly. The first stage F-statistics become much smaller because (1)

the funding cut started in 2010, and (2) it fades out after 2013. When I use the event study

variables of state share only in column 2, as in Jackson, Wigger and Xiong (2021), the point

estimate gets smaller with a much smaller F-statistics. In column 3, the coefficient is larger

when I use the no-income-tax indicator as the sole identifying variation, with losing preci-

sion. Two columns show that the impact of education funding driven by the no-income-tax

indicator is stronger than the state share, and the main specification captures some weighted

44Some local governments collect local sales tax in Alaska. However, most of Alaska’s tax revenue comes from
natural resources.
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average of the two. In column 4, I add the interaction term of state share and no income tax

indicator interacted with the year dummies. A state with a high state share and no income

tax may have been through an even deeper education funding cut if two sources of variation

strengthen each other. The point estimates get smaller by 0.09 percentage points with a very

large F-statistics. None of the point estimates in the table is statistically different from the

main estimate.

D.3 Lagged Treatment Variables

I use the lagged value of K-12 appropriations per pupil in Table A.10 as the independent vari-

able. This helps to examine the cumulative impact of the funding cut. Parents may not per-

ceive the funding cut immediately and make a decision based on cumulative experience. If

the lagged K-12 budget has a much smaller impact than the concurrent budget, then it would

raise a question of the true impact of K-12 funding. In columns 1 to 3, I use 1, 2, 3 year lagged

education appropriations per pupil (Appt−1, Appt−2, Appt−3), respectively. The first stage F-

statistics is reasonably smaller than the main result and decreases over the column as I use

more lagged values. The point estimates in columns 1 to 3 are also smaller than the main re-

sult, however still large and statistically significant. When using the three-year moving aver-

age (average of t −1, t , and t ), the point estimate is slightly larger than the main specification.

The overall results in the table suggest the “cumulative exposure" to funding cut matters when

it comes to school choice.

D.4 Alternative Mechanism: School Choice Programs and Number of Schools

Several states have various school choice programs. The programs include (but are not limited

to) private school programs like vouchers and tax-credit scholarships and alternative public

schools like charter schools and magnet schools. The most well-known private school pro-

gram is a voucher, whose impact on private school enrollment is proven by an extensive lit-

erature (Epple, Romano and Urquiola, 2017). To meet the demand for increasing interest in

school choice, states have implemented a variety of school choice programs since the Great

Recession. While only 12 states and DC had any school choice program in 2007, it has in-

creased to 28 states in 2016 (EdChoice, 2020).45 If states with lower funding for public schools

instead provide generous private school vouchers or tax credit, parents may choose a private

45Several cities and local governments have their own programs. Thus, the population living in an area with
school choice policies is much larger in 2007.
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school because of the private school program, not of the public education funding. Addi-

tionally, the supply of schools may affect private school choice. The number of public schools

may decrease following the funding cut, and children may be forced to choose private schools

because of accessibility. On the other hand, an increase in the number of charter and magnet

schools substituting traditional public schools (TPS) may affect private school attendance.

It may be that areas with low funding also lack alternative public schools, forcing parents to

choose a private school. Thus, the existence of these school choice programs could partially

affect the result, regardless of the true effect of public school funding.

In Appendix Table A.11, I first show whether my results are affected by private school

choice policies. In columns 1 to 3, I add an indicator for private school policies (any pol-

icy, voucher, and tax credit) and re-estimate the treatment effect. The dependent variable is

private school attendance in percentage points. The point estimates are almost identical to

the main estimate. In columns 4 to 6, I estimate whether education appropriation per pupil

is associated with an indicator for having policies with the state sample. The independent

variable is in state level. All point estimates are all small and statistically insignificant.

Appendix Table A.12 examines whether the number of schools can be a confounder. Sim-

ilar to Appendix Table A.11, in Panel A, I add the number of each type of school as a covariate

and estimate the treatment effect on private school enrollment. Like Appendix Table A.11, the

point estimates are very similar to the main effect. In Panel B, I estimate the impact of appro-

priations per pupil on the number of schools. Surprisingly, the signs of point estimates are

negative for all types of public schools. The sum of point estimates of columns 1 to 3 matches

column 4. The coefficient in column 4 is weakly statistically significant. However, The point

estimates mean that a decline in funding improves the access to public schools, indicating

that a decrease in access to public schools cannot be an alternative mechanism. In particular,

the results in column 2 are consistent with Chakrabarti and Roy (2016)’s findings that charter

schools have little impact on private school enrollment. In column 5, I also include the num-

ber of private schools from the Private School Universe Survey (PSUS).46 Number of private

schools seems to decline with the public school funding cut, however, the point estimate is

not statistically significant.

46This survey is a biennial survey. Thus, the years included in Panel A of Column 5 are the odd years between
2005 and 2015.
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D.5 Selective Migration

People strategically migrate due to their preference for education (Barrow, 2002). When ob-

serving or expecting budget cuts for education, families with a high preference for quality

public schools may relocate to greater spending school districts. Assuming pre-existing stu-

dents in these districts tend to stay in public schools, this migration pattern would increase

the public school enrollment rate (and reduce the private school enrollment rate) in high

spending areas and overestimate my results. If selective migration is prevalent, this means

funding cuts for public education rather stimulate competition within the public education

system than between public and private systems, which is a serious challenge to my results.

Thus in this subsection, I examine whether issues of selective migration confound my results.

Critically, my specification is robust to migration because my specification utilizes the

state-level variation and between-state migration is rare. After the Recession, only 1.6 percent

of households relocated between states. Nevertheless, I further examine whether my results

are robust to migration using the migration history within a year available in the ACS. The

ACS asks where each respondent lived one year earlier and identifies the Migration PUMA

(MPUMA) she lived in if she did not live in the same residence. This information allows me

to determine each respondent’s migration status and where she moved from if migrated, and

the amount of in- and out-migration in a given MPUMA.47 The 2000 Census is excluded in

this analysis for consistency because it identifies migration status from five years earlier. Re-

assuringly, it seems that there is little relation between education appropriations and the total

number of school-aged children or in- and out-migration at the state level. (Appendix Table

A.13).

This is not sufficient to rule out the possibility of selective migration because families of-

ten move across school districts within a state. If migration for education is a prevalent reason

for relocation, then migrants’ response to the funding cuts for public schools would be differ-

ent than non-migrants. In Appendix Table A.14, I test whether the impact of public school

funding varies by migration status and show it does not. I first split the households by mi-

gration status in columns 1 to 3.48 From columns 1 to 3, I divide the sample into those who

have migrated across MPUMAs (column 1), stayed in the same MPUMA (column 2), lived in

47The MPUMA here is different from either PUMA or CPUMA; it aggregates the regular PUMAs to resemble
the commuting zone and is specifically used to collect workplace or migration information. MPUMA boundary
changed in 2012 as well, so I use state-level appropriations to examine selective migration.

48For reference, the point estimate (SE) is -0.687 (0.230) when using the year 2005-2016.
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the same house (column 3, a subset of column 2) compared to 12 months ago. In column 1,

the point estimate shows that a $1,000 increase of K-12 appropriations per pupil decreases

private school enrollment of migrated households by 0.353 percentage points, about half of

the main result. However, it is not statistically different from the main result. The smaller

point estimate may be coming from selective migration to attend public schools; however,

the result in Appendix Table A.13 does not support this hypothesis. Rather, migrants are dis-

proportionately low SES and are note sensitive to public school funding, which contradicts

the selective migration hypothesis. The point estimate in column 2 is similar to the base-

line estimate of -0.687, and it gets larger in those who did not move. In column 4, I estimate

the impact on children whose household head has lived in the same house for five or more

years.49 The coefficient increases to -0.752. Although it is not statistically different, the larger

point estimate is interesting. These households are more attached to the house and neigh-

borhood and consist of parents who are on average older and more likely to be homeowners

(and therefore have higher SES). As further discussed in Section VI, higher SES families are

more likely to respond to the shock by fleeing to private schools than the average population,

consistent with column 4. Finally, in column 5, I use the K-12 funding per pupil in the state of

birth, excluding foreign-born children.50 Using birth state instead of current resident CPUMA

would be more robust to selective migration because it is determined before the educational

choice. The point estimate in column 5 is smaller than the main estimate by 0.17 percentage

points, but not statistically different.

E Additional Heterogeneity Analysis

E.1 Racial Difference in Heterogeneity in Effect by CPUMA Characteristics

This subsection complements Table 7 by showing the heterogeneity by CPUMA characteris-

tics and races. In Appendix Table A.15, I redo the analysis in Table 7 separately by race. Panel

A, B, C, and D present the results for all races, whites, Hispanics, and blacks, respectively.

Table 7 shows a larger impact in low SES areas for both high and low-income households.

Panel A of Appendix Table A.15 shows this is indeed true without dividing the sample by

household income. The coefficients are not statistically different in columns 5 and 6, like

in Table 7. The overall results for whites in Panel B are not different from those in Panel A, but

49The ACS asks when the household head had moved into the residence. This information is only available
for the head, so I assume the children in the households also have stayed five or more years when the head has.

50From 2000-2007, 82 percent of native-born children stayed in the birth state.
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the differences are larger. Interestingly, in columns 3 and 4, the difference between high and

low baseline minority population share is substantial. While a $1,000 decline in education

revenue per pupil leads to -0.381 percentage points increase in private school enrollment in

CPUMAs with a low minority population, the point estimate is -1.271 percentage points in

CPUMAs with a high minority population, which is much larger than the average impact in

Panel A. The two coefficients are statistically different from each other at the 1 percent level.

The stunningly large point estimate for high minority CPUMAs shows that whites respond

differentially to the budget shock depending on the composition of the population. In other

words, education budget shock exacerbates the white flight from public schools. White stu-

dents have a stronger preference for private schools when they attend schools with a larger

concentration of nonwhite schoolchildren (Brunner, Imazeki and Ross, 2010), and therefore

they switch to private schools more easily when the quality of the public schools declines.

The patterns are slightly different for other races. The overall pattern—stronger in low SES

areas—is found for Hispanics as well. While the regional poverty rate does not play an im-

portant role, the share of minority or immigrant population substantially affects the response

to the funding shock. In fact, the effect on Hispanic students is mostly coming from high

minority or foreign population areas. Research by Fairlie (2002) supports “Latino flight” to

private schools to avoid black students, and the finding here hints at the possibility of His-

panics avoiding immigrants, although this is not proven in the literature. In particular, the

point estimate is larger for native-born Hispanics living in high foreign population CPUMA

(available upon request), supporting the hypothesis. Results for blacks in Panel D are mostly

small and insignificant, consistent with Table 6.

E.2 Heterogeneity in Effect by Parental Characteristics

Studies like Barrow (2002) and Goldring and Phillips (2008) suggest the importance of parental

characteristics in school choice. In Table A.16, I compare the impact of education funding by

four parental characteristics: the presence of both parents and whether at least one parent has

a Bachelor’s degree, high-paying occupation (using median occupational income in 2000),

and is immigrant. I exclude students with no parents in this analysis. The results show that

high SES students in terms of parental characteristics are more responsive to funding cuts;

however, the point estimates are statistically different only for parents’ occupation. Interest-

ingly, parental characteristics except earnings do not affect the competition between public
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and private schools as much as regional characteristics in Panel A of Appendix Table A.15.

F Alternative Dataset: Public School Universe Survey

In this subsection, I use an alternative dataset called the Private School Universe Survey (PSUS)

to examine the robustness of my result. PSUS is a biennial survey collected by NCES, targeting

all private schools in the US with useful school-level characteristics.51 By using PSUS, I can

provide robustness using a school-level sample and examine the heterogeneity in effect by the

religious affiliation of the private school. Religious affiliation is an important private school

characteristic when parents consider sending their children to private schools (Goldring and

Phillips, 2008). Also, religious affiliation is correlated with the average tuition, which is a very

important factor when choosing private schools. The tuition for Catholic schools is particu-

larly cheaper, where the average yearly tuition in SY 2011-2012 for catholic, other religious,

and nonsectarian schools are $7,210, $9,100, and $22,570, respectively (Snyder, de Brey and

Dillow, 2019). Considering the stark difference in the tuition, it would be interesting to find

which type of schools are the most elastic to the change in local public school funding, es-

pecially, whether relatively low-cost schools are more sensitive, considering the massive eco-

nomic shock caused by the Great Recession.

To estimate whether the effect varies by religion, I estimate the following equations:

Ni pst =βApppst +Pp,2000 × t +θt +αi +εi pst , (3)

Ni pst =β1 Apppst ×1[C athol i c]i+
+β2 Apppst ×1[Other Rel i g i ous]i+
+β3 Apppst ×1[Nonsect ar i an]i +Pp,2000 × t +θt +αi +εi pst , (4)

where Ni pst is the number of students enrolled in school i in CPUMA p of state s in school

year t . Like in the main text, Apppst is total K-12 appropriations per pupil in CPUMA p where

the school locates.52 I include year fixed effect (θt ) and school fixed effect (αi ) to control

for macroeconomic conditions and time-invariant school characteristics, respectively. Time-

invariant school characteristics include the religious type of the school as well.In the analysis,

I include private schools with 50 or more enrollees and that serve beyond kindergarten.

51All private schools are in the universe; however, the actual number interviewed depends on the response
rate which is on average over 90%.

52The PSUS provides geocoordinates of most of the schools, so I match it to the CPUMA in the Census and
ACS.
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I first start with comparing the estimates in ACS and PSUS. In column 1 of Appendix Table

A.17, I aggregate the number of students in private school to the CPUMA level and estimate

the impact of per-pupil appropriations with my ACS sample, using only odd years to match

PSUS. I do a similar procedure with PSUS in column 2. The point estimate is weakly signif-

icant and about 40 percent of column 1. Columns 3 to 7 estimate the school-level effect. A

$1,000 decrease in local public school funding per pupil increases private school enrollment

by 5.9 students. In column 5, the heterogeneity by religious affiliation is interesting; the treat-

ment effect is concentrated on Catholic private schools, the cheapest ones. Of course, this can

be interpreted as households with Catholic faith are more sensitive to education funding, but

the lower expense can be an alternative explanation. This result somewhat resolves the ques-

tion that private school enrollment could have relatively increased right after the Great Reces-

sion despite economic shock; students tend to enroll in relatively cheap Catholic schools. In

columns 6 and 7, I test whether this holds for white and Hispanic students. The patterns are

the same for both races; the change is concentrated on Catholic schools.
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Appendix Figures

Figure A.1: Trend of Total K-12 Expenditure Per Pupil and Growth Rate
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Notes: This figure plots the trend of expenditure per pupil. All other details are the same in Figure 1.

Figure A.2: Trend in Private School Enrollment by Budget Change in CPUMA
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Notes: This figure shows the trend in private school enrollment by the large and small budget cuts in CPUMA. All
other details are the same as Figure 3.
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Figure A.3: State Share by State
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Figure A.4: Change in K-12 Appropriations Per Pupil in CPUMAs, 2007-2012

Notes: This map displays the change of education appropriations per pupil from 2007 to 2012 in CPUMAs. Darker
shades represent a larger decline.
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Figure A.5: Appropriations per pupil in CPUMAs and school districs in SY 2007-2008

(a) App per pupil in PUMA

(b) App per pupil in school district

Notes: This figure shows the K-12 appropriations per pupil in CPUMA (Panel A) and school district (Panel B) in
SY 2007-2008.
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Figure A.6: Share of State Appropriations and Relation to Total Funding
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Figure A.7: Trend of Real Tax Revenue and K-12 Funding Compared to 2007, by State Income
Tax Status

(a) Real Tax Revenue (in 2010 dollars)
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(b) Real Tax Revenue Excluding Property Tax
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property tax in the two groups of states. The mean of each group is the weighted mean with state population in
2000. Both figures are inflation adjusted to 2010 dollars.
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Figure A.8: First Stage and Reduced Form Results in Other Specifications

(a) First Stage
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(b) Reduced Form
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Notes: This figure shows the first stage (Panel A) and reduced form (Panel B) results with specifications in
columns 1 to 3 of Table 3. See the notes of Table 3 for the details for the control variables. Each figure dis-
plays the coefficients for the interaction terms of state share (green dots) and no income tax indicator (orange
diamonds) with the year dummies along with 95% confidence intervals calculated using standard errors clus-
tered by the state level. Regressions are weighted using the Census and ACS sample weights. F-statistic of the
event study variables is presented below each figure.
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Figure A.9: Frist Stage and Reduced Form Using State-Level Appropriations

(a) First Stage
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Notes: Panels A and B show the first stage and reduced form results with the preferred specification (Column 4 in
Table A.7). The dependent variable in Panel A is state-level appropriations for K-12 education in thousand USD.
In Panel B, the dependent variable is an indicator for private school enrollment, and I adjust the coefficients
to represent percentage points. See the notes of Table A.7 for further information. Each figure displays the
coefficients for the interaction terms of state share (green dots) and no income tax indicator (orange diamonds)
with the year dummies along with 95% confidence intervals calculated using standard errors clustered by the
state level. Regressions are weighted using the Census and ACS sample weights. F-statistic of the event study
variables is presented below each figure.
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Figure A.10: FHS Estimator Adjusting Pre-Trends
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Pre-trend p-value = 0.3064 Pre-trend p-value = 0.2158 Pre-trend p-value = 0.2985 Pre-trend p-value = 0.0006 Pre-trend p-value = 0.4845 Pre-trend p-value = 0.1701 Pre-trend p-value = 0.9974 Pre-trend p-value = 0.0566
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Notes: I follow Freyaldenhoven, Hansen and Shapiro (2019)’s methodology to adjust pre-existing trends in the event study model with panel data. To exactly follow their
model, I aggregate my sample to the state-year panel. The green (left) and orange (right) indicate event study estimates of state share and no-income-tax indicator, respec-
tively. The covariates are indicated as the panel titles. The first row of each panel shows event study figures using state share or no-income-tax as the treatment (policy)
variables and the covariate indicated at the panel title as the dependent variable. The second and third rows show the first stage (dependent variable: appropriations per
pupil) and reduced-form (dependent variable: percent in private school) using the first lead of event study variable as the instrument for the covariate, respectively, together
with the original first stage and reduced form results in the gray shade. p-values of the joint hypothesis test of the pre-event coefficients are presented below of each figure.
The year 2006, 2007, and 2016 are excluded in FHS’s specification. Standard errors are clustered at the state level. All regressions are weighted with the school-aged popula-
tion of each state in 2000. See Appendix Table A.3 for the exact estimation results.
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Appendix Tables

Table A.1: Tax Revenue in State and Local Governments in the Fiscal Year 2007

Local Government State Government

Total Tax Rev Income Tax Sales Tax Property Tax Total Tax Rev Income Tax Sales Tax Property Tax

Alabama $4,642 3% 37% 39% $8,868 34% 26% 3%
Alaska $1,256 0% 14% 77% $3,688 0% 0% 2%
Arizona $8,925 0% 31% 59% $14,405 26% 46% 6%
Arkansas $1,769 0% 49% 40% $7,392 29% 39% 9%
California $65,133 0% 14% 71% $114,737 46% 28% 2%
Colorado $9,382 0% 31% 60% $9,217 52% 24% 0%
Connecticut $8,291 0% 0% 98% $13,272 48% 23% 0%
Delaware $749 6% 0% 76% $2,906 35% 0% 0%
Florida $34,192 0% 4% 78% $38,819 0% 59% 0%
Georgia $14,837 0% 27% 64% $18,253 48% 32% 0%
Hawaii $1,470 0% 0% 77% $5,090 31% 50% 0%
Idaho $1,199 0% 0% 91% $3,537 40% 36% 0%
Illinois $25,006 0% 5% 82% $30,066 31% 26% 0%
Indiana $7,606 14% 0% 82% $14,199 33% 38% 0%
Iowa $4,442 2% 12% 81% $6,470 41% 28% 0%
Kansas $4,460 0% 17% 76% $6,893 40% 33% 1%
Kentucky $3,797 26% 0% 55% $9,895 31% 28% 5%
Louisiana $6,622 0% 54% 39% $10,973 29% 32% 0%
Maine $2,052 0% 0% 99% $3,696 40% 29% 1%
Maryland $10,925 37% 0% 48% $15,094 44% 23% 4%
Massachusetts $11,424 0% 0% 97% $20,695 55% 20% 0%
Michigan $13,247 4% 0% 92% $23,849 27% 33% 10%
Minnesota $5,894 0% 1% 92% $17,768 41% 25% 4%
Mississippi $2,329 0% 0% 92% $6,482 22% 49% 1%
Missouri $8,411 3% 20% 61% $10,706 45% 31% 0%
Montana $942 0% 0% 95% $2,320 36% 0% 9%
Nebraska $3,107 0% 9% 77% $4,122 40% 36% 0%
Nevada $4,141 0% 8% 65% $6,305 0% 51% 3%
New Hampshire $2,567 0% 0% 98% $2,175 5% 0% 18%
New Jersey $21,937 0% 0% 98% $29,488 40% 29% 0%
New Mexico $1,922 0% 40% 49% $5,527 21% 35% 1%
New York $70,862 11% 16% 54% $63,162 55% 17% 0%
North Carolina $10,647 0% 26% 69% $22,613 47% 23% 0%
North Dakota $810 0% 11% 85% $1,783 18% 27% 0%
Ohio $19,937 20% 8% 67% $25,698 38% 30% 0%
Oklahoma $3,678 0% 39% 53% $8,141 34% 24% 0%
Oregon $4,991 0% 0% 79% $7,743 72% 0% 0%
Pennsylvania $21,255 18% 1% 70% $30,838 32% 28% 0%
Rhode Island $2,021 0% 0% 97% $2,766 39% 32% 0%
South Carolina $5,199 0% 3% 82% $8,689 37% 37% 0%
South Dakota $1,129 0% 23% 73% $1,266 0% 56% 0%
Tennessee $7,297 0% 27% 62% $11,390 2% 59% 0%
Texas $41,676 0% 12% 82% $40,315 0% 51% 0%
Utah $3,016 0% 20% 68% $6,076 42% 32% 0%
Vermont $374 0% 1% 94% $2,564 23% 13% 35%
Virginia $13,705 0% 8% 73% $18,667 55% 19% 0%
Washington $9,830 0% 23% 58% $17,706 0% 61% 10%
West Virginia $1,437 0% 0% 79% $4,642 29% 24% 0%
Wisconsin $8,839 0% 3% 94% $14,483 44% 29% 1%
Wyoming $1,222 0% 18% 76% $2,025 0% 34% 13%

US Total $525,792 5% 12% 72% $757,470,540 35% 31% 2%

Notes: All monetary values are presented in thousands of nominal dollars. Data source: US Census Bureau’s
Census of Governments and the Annual Survey of State and Local Government Finances retrieve through State
and Local Finance Initiative from Urban Institute (US Census Bureau, 2020). Income and sales taxes include
individual income tax and general sales tax only, respectively.
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Table A.2: First Stage Results

Dependent variable: App per pupil (in thousand)

State share No income tax State share No income tax State share No income tax State share No income tax

(1) (2) (3) (4)

instrument×2000 3.0142 0.8724 3.0143 0.8721 3.0155 0.8728 3.5233 1.0141*
(2.139) (0.552) (2.139) (0.551) (2.1385) (0.5515) (2.2909) (0.5917)

instrument×2005 0.4969 -0.0813 0.4971 -0.0814 0.4966 -0.0811 0.6486 -0.0384
(0.813) (0.326) (0.813) (0.326) (0.8126) (0.3261) (0.8032) (0.3311)

instrument×2006 0.2038 -0.0948 0.2038 -0.0949 0.2035 -0.0947 0.2775 -0.0731
(0.433) (0.192) (0.433) (0.192) (0.4326) (0.1924) (0.4141) (0.1944)

instrument×2007 0 0 0 0 0 0 0 0
(.) (.) (.) (.) (.) (.) (.) (.)

instrument×2008 -1.1492** -0.3006** -1.1492** -0.3005** -1.1489** -0.3005** -1.2230** -0.3215**
(0.470) (0.144) (0.471) (0.144) (0.4702) (0.1438) (0.5103) (0.1523)

instrument×2009 -1.8957 -0.6214 -1.8956 -0.6213 -1.8951 -0.6213 -2.0409 -0.6620
(1.218) (0.463) (1.218) (0.463) (1.2179) (0.4626) (1.3086) (0.4745)

instrument×2010 -3.5167* -0.7328 -3.5169* -0.7326 -3.5154* -0.7324 -3.7342* -0.7946
(1.839) (0.533) (1.839) (0.533) (1.8388) (0.5329) (1.9779) (0.5500)

instrument×2011 -4.5545*** -1.0762* -4.5545*** -1.0760* -4.5540*** -1.0759* -4.8434*** -1.1602*
(1.570) (0.591) (1.570) (0.591) (1.5702) (0.5909) (1.7308) (0.6161)

instrument×2012 -5.8139*** -1.4630** -5.8140*** -1.4628** -5.8137*** -1.4627** -6.1739*** -1.5682**
(1.698) (0.746) (1.698) (0.746) (1.6972) (0.7455) (1.8894) (0.7762)

instrument×2013 -5.8657*** -1.4711** -5.8657*** -1.4709** -5.8655*** -1.4708** -6.2952*** -1.5976**
(1.790) (0.728) (1.790) (0.728) (1.7900) (0.7281) (1.9980) (0.7678)

instrument×2014 -5.6181*** -1.4299* -5.6181*** -1.4297* -5.6182*** -1.4295* -6.1163*** -1.5779**
(1.813) (0.758) (1.813) (0.758) (1.8128) (0.7573) (2.0017) (0.8036)

instrument×2015 -5.0743** -1.4696* -5.0743** -1.4693* -5.0748** -1.4691* -5.6418*** -1.6383*
(2.003) (0.813) (2.003) (0.813) (2.0029) (0.8129) (2.0673) (0.8644)

instrument×2016 -3.6057 -1.4302 -3.6058 -1.4299 -3.6058 -1.4297 -4.2443* -1.6210*
(2.617) (0.877) (2.617) (0.877) (2.6164) (0.8770) (2.5160) (0.9344)

F-Stat of excluded IVs 36.21 36.24 36.10 32.93

CPUMA Fixed Effects Yes Yes Yes Yes
Individual Controls Yes Yes Yes
Household Controls Yes Yes
Baseline CPUMA Controls×Time Trend Yes

Notes: N=8,095,073. The identifying variation is indicated at the top of each column. The number on the top of the column indicates the specification as in Table 3. Two
columns with the same number are from the same regression. The instrument is indicated at the column title. The coefficients are rescaled to represent private school
enrollment in percentage points. I use 2007 as the base year and thus omit it. I exclude 2001-2004 in the sample because the CPUMA is not identifiable in the ACS 2001-2004.
All regressions include year and CPUMA fixed effects. All regressions are weighted using sample weights from the Census and ACS. Robust standard errors are in parentheses
clustered by state. * significant at 10%; ** significance at 5%; *** significance at 1%.
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Table A.3: Pre-trends and FHS Estimators

Main Results Covariate: Ln(Labor Population) Covariate: Share of Local Revenue (of Total) Covariate: Unemployment Bartik Prediction Covariate: Share of Foreign Population

State Share No Income Tax State Share No Income Tax State Share No Income Tax State Share No Income Tax State Share No Income Tax
First Stage Reduced Form First Stage Reduced Form First Stage Reduced Form First Stage Reduced Form First Stage Reduced Form First Stage Reduced Form First Stage Reduced Form First Stage Reduced Form First Stage Reduced Form First Stage Reduced Form

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) (19) (20)

ratio_8 1.663 -0.545 0.513 -0.159 1.662 -0.533 2.599 -0.670 1.682 -0.659 0.597 -0.179 1.257 2.002 0.164 -0.0733 12.12 -66.12 0.397 -0.130
(1.842) (1.736) (0.444) (0.247) (2.182) (10.39) (3.367) (1.749) (1.829) (2.145) (0.432) (0.178) (2.005) (4.281) (1.227) (0.562) (191.6) (1224.2) (0.614) (0.320)

ratio_7 2.439 0.423 0.235 -0.189 2.251 1.598 2.131 -0.654 2.405 0.634 0.290 -0.203 1.524 6.157 0.778 -0.323 7.016 -28.27 0.121 -0.161
(1.684) (1.484) (0.487) (0.269) (1.822) (9.409) (2.884) (1.646) (1.622) (1.921) (0.521) (0.258) (4.314) (13.20) (0.834) (0.445) (85.09) (542.2) (0.689) (0.319)

ratio_6 2.157 -0.230 0.110 0.207 2.476 -2.229 1.608 -0.160 2.687 -3.549 0.154 0.196 1.414 4.431 0.358 0.146 4.313 -13.75 0.172 0.192
(1.519) (1.207) (0.567) (0.194) (2.948) (11.11) (2.135) (1.321) (3.500) (7.018) (0.501) (0.183) (3.285) (11.20) (0.383) (0.241) (41.18) (260.6) (0.596) (0.177)

ratio_5 1.996 1.718∗ 0.0873 -0.0659 2.315 -0.280 1.361 -0.378 2.534 -1.654 0.159 -0.0835 1.258 6.348 0.222 -0.0989 4.534 -14.19 0.231 -0.101
(1.323) (1.005) (0.533) (0.241) (2.580) (10.51) (1.682) (1.138) (3.304) (7.738) (0.431) (0.232) (3.470) (10.67) (0.210) (0.229) (48.29) (307.4) (0.471) (0.262)

ratio_4 0.985 0.427 -0.0694 -0.261 1.138 -0.531 0.774 -0.467 1.012 0.256 0.0152 -0.281 0.344 4.449 0.201 -0.327 5.748 -29.44 -0.0815 -0.258
(1.059) (1.606) (0.382) (0.370) (1.885) (6.748) (1.074) (0.588) (1.226) (2.298) (0.275) (0.313) (2.533) (8.043) (0.224) (0.266) (88.67) (565.6) (0.369) (0.382)

ratio_3 0.301 -1.222 -0.176 -0.175 0.507 -2.514 0.386 -0.313 0.134 -0.173 -0.0357 -0.210 -0.0629 1.060 0.188 -0.264 1.818 -10.73 -0.0845 -0.198
(0.840) (1.054) (0.310) (0.247) (1.959) (7.002) (0.570) (0.406) (0.357) (1.311) (0.155) (0.180) (1.045) (4.133) (0.294) (0.267) (28.56) (181.4) (0.288) (0.197)

ratio_2 0.116 -0.727 -0.149 0.0366 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
(0.466) (0.857) (0.193) (0.146) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.)

ratio_1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
(.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.)

ratio0 -0.834∗ 0.732 -0.175 -0.0572 -0.936 1.369 -0.247∗ -0.0394 -0.159 -3.503 -0.388 -0.00503 -1.322 3.790 -0.580 0.0422 -2.283 9.811 -0.322 -0.0211
(0.481) (0.686) (0.124) (0.119) (0.663) (2.445) (0.126) (0.131) (3.148) (7.289) (0.452) (0.228) (2.393) (7.156) (1.206) (0.406) (26.23) (167.5) (0.302) (0.178)

ratio1 -1.476 2.530∗∗ -0.474 -0.268 -1.872 5.015 -0.841 -0.178 0.0213 -6.856 0.124 -0.414 -3.119 12.83 -1.547 -0.00469 -3.652 16.17 -0.532 -0.253
(1.231) (0.983) (0.459) (0.228) (1.776) (7.506) (0.897) (0.401) (7.192) (17.81) (0.488) (0.665) (8.572) (29.53) (1.741) (1.248) (39.77) (253.8) (0.484) (0.241)

ratio2 -3.113 1.471∗ -0.409 0.383 -3.553 4.233 -1.295 0.600 -3.373∗∗ 3.102 -0.575 0.423 -4.338 9.151 -2.639 0.929 -1.970 -5.692 -0.516 0.409
(1.884) (0.792) (0.564) (0.236) (2.208) (10.96) (1.881) (0.838) (1.301) (4.201) (0.680) (0.284) (5.563) (20.62) (4.967) (2.198) (21.22) (132.5) (0.639) (0.253)

ratio3 -3.346∗∗ 0.732 -0.728 0.296 -3.660∗∗ 2.703 -1.827 0.565 -3.597∗∗ 2.305 -0.788 0.310 -4.094 5.419 -1.940 0.593 -7.066 24.06 -0.789 0.311
(1.584) (0.920) (0.570) (0.213) (1.642) (10.32) (2.237) (1.145) (1.357) (3.104) (0.537) (0.246) (3.598) (11.84) (3.261) (1.270) (67.45) (430.0) (0.645) (0.253)

ratio4 -3.550∗ 2.773∗∗∗ -1.133 0.151 -4.012∗ 5.669 -2.523 0.492 -3.672∗∗ 3.534 -1.179 0.162 -4.138 6.461 -2.542 0.496 -7.003 24.42 -1.398 0.216
(1.767) (0.950) (0.680) (0.300) (2.262) (14.21) (2.765) (1.378) (1.615) (3.269) (0.792) (0.308) (3.121) (8.822) (3.795) (1.410) (64.53) (410.2) (0.897) (0.440)

ratio5 -4.522∗∗ 2.312∗∗ -0.978 0.333 -5.203∗ 6.578 -2.625 0.737 -4.778∗∗∗ 3.913 -1.034 0.347 -4.811∗∗ 4.118 -1.903 0.560 -9.106 31.05 -1.323 0.418
(1.986) (0.931) (0.674) (0.271) (3.018) (18.36) (3.122) (1.662) (1.708) (3.555) (0.674) (0.297) (2.094) (4.183) (2.715) (0.990) (84.51) (538.1) (0.966) (0.519)

ratio6 -4.275∗∗ 2.297∗ -0.960 0.369 -4.798∗ 5.573 -2.896 0.844 -4.556∗∗ 4.052 -0.901 0.355 -4.412∗∗ 3.152 -1.761 0.565 -7.929 25.20 -1.236 0.437
(1.919) (1.245) (0.687) (0.386) (2.784) (17.70) (3.578) (2.069) (1.867) (3.726) (0.574) (0.359) (1.972) (2.048) (2.533) (0.981) (68.13) (434.2) (0.879) (0.607)

ratio7 -3.642∗ 0.189 -1.048 0.677∗∗ -4.184 3.584 -3.345 1.240 -4.073 2.888 -1.293 0.737∗ -3.968 2.233 -2.420 1.013 -13.09 59.42 -1.272 0.732
(2.012) (1.453) (0.728) (0.306) (3.453) (20.07) (4.186) (2.254) (2.550) (6.072) (0.922) (0.436) (2.746) (6.417) (2.932) (1.482) (173.1) (1102.4) (0.862) (0.439)

ratio8 -2.401 -0.216 -1.198 0.616∗∗ 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
(2.476) (1.937) (0.770) (0.301) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.) (.)

Pre-trends p-value 0.1006 0.1527 0.0001 0.0143 0.3064 0.5065 0.2158 0.0079 0.2985 0.5621 0.0006 0.1460 0.4845 0.4640 0.1701 0.0011 0.9974 1.0000 0.0566 0.2249

Notes: N=850 for all regressions. This table shows the FHS estimation results described in Appendix Figure A.10 together with the original results (columns 1-6) using one treatment variable. See the notes for further information. Standard errors are clustered at the state level and in the

parentheses. All regressions are weighted with the school-aged population of each state in 2000.
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Table A.4: Average of FHS Estimators

State Share No Income Tax

First Stage Reduced Form Ratio First Stage Reduced Form Ratio
(1) (2) (3) (4) (5) (6)

Panel A. Main Results
Average of post period -3.018 1.424 -0.472 -0.789 0.278 -0.352
Pre-trends p-value 0.101 0.153 0.000 0.014

Panel B. Ln(Labor Population)
Average of post period -3.527 4.341 -1.231 -1.950 0.532 -0.273
Pre-trends p-value 0.306 0.507 0.216 0.008

Panel C. Share of local revenue (local/total)
Average of post period -3.023 1.179 -0.390 -0.754 0.239 -0.317
Pre-trends p-value 0.299 0.562 0.001 0.146

Panel D. Unemployment (Bartik Prediction)
Average of post period -3.775 5.895 -1.561 -1.917 0.524 -0.274
Pre-trends p-value 0.485 0.464 0.170 0.001

Panel E. Share of foreign population
Average of post period -6.512 23.055 -3.540 -0.923 0.281 -0.304
Pre-trends p-value 0.997 1.000 0.057 0.225

Notes: This table summarizes the results in Appendix Table A.3. I first take the average of post-event estimates of
the first stage and reduce form results and take the ratio in columns 3 and 6. p-values of the joint hypothesis of
the pre-event coefficients are also presented in the table.
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Table A.5: Complier Characteristics with Exclusive Instruments

High State Share ×Post=1 High State Share ×Post=0 High State Share ×Post=1
No Income Tax×Post=0 No Income Tax×Post=1 No Income Tax×Post=1

Relative Relative Relative
E [X1i ] E [X1i |D1i > D0i ] Likelihood E [X1i ] E [X1i |D1i > D0i ] Likelihood E [X1i ] E [X1i |D1i > D0i ] Likelihood

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Total school aged children 132,795 52,762 0.40 132,795 48,014 0.36 132,795 46,221 0.35
Teacher per 100 students 6.18 6.11 0.99 6.18 6.28 1.02 6.18 6.27 1.02
Share of Hispanic students 0.21 0.20 0.94 0.21 0.19 0.92 0.21 0.18 0.88
Share of black studnets 0.14 0.13 0.92 0.14 0.14 0.95 0.14 0.14 0.95
Share of foreign-born 0.06 0.06 0.99 0.06 0.06 1.03 0.06 0.06 1.03
Below 150% of poverty line 0.31 0.32 1.02 0.31 0.31 0.98 0.31 0.31 0.98
Household Income 63,360 64,132 1.01 63,360 65,131 1.03 63,360 65,476 1.03
Median house value 215,233 223,545 1.04 215,233 227,816 1.06 215,233 230,996 1.07
Unemployment rate 0.08 0.08 0.95 0.08 0.08 0.99 0.08 0.08 0.99

Notes: N=13,975. The unit of observation is CPUMA. E [X1i ] denotes the population means of CPUMA level characteristics. E [X1i |D1i > D0i ] indicates the mean of compliers
(D1i > D0i ). I define the relative likelihood by dividing the complier mean by the population mean. I define three exclusive instrumental variables as indicated at the top of
the table. I also redefine the treatment variable to binary indicator whether the total education funding per pupil is below the national median, to follow Angrist and Pischke
(2008) and Abadie (2003)’s methodologies.
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Table A.6: Main Results in OLS and Logs

Dependent variable: private school enrollment (in percentage point)

(1) (2) (3) (4)

Panel A. OLS Results
App per pupil ($1,000) -0.120∗∗∗ -0.151∗∗∗ -0.154∗∗∗ -0.137∗∗∗

(0.0378) (0.0419) (0.0379) (0.0351)

Panel B. OLS with log of revenue per pupil
Ln(App per pupil)×100 -1.277∗∗ -1.713∗∗ -1.796∗∗∗ -1.820∗∗∗

(0.608) (0.676) (0.651) (0.559)

Panel C. 2SLS with log of revenue per pupil
Ln(App per pupil)×100 -5.861∗∗∗ -6.617∗∗∗ -6.919∗∗∗ -8.287∗∗∗

(2.176) (2.255) (2.338) (2.398)

First Stage F-Stat 27.99 27.98 27.94 26.30
Individual Controls Yes Yes Yes
Household Controls Yes Yes
Baseline CPUMA Controls × Time Trend Yes
Notes: N=8,095,073. Each entry is a coefficient from a separate OLS or 2SLS regression. The coefficients are
rescaled to represent private school enrollment in percentage points. The instruments are the sets of interaction
terms of state share and no state income tax status with year indicators dummies. All regressions include year
and CPUMA fixed effects. See the notes of Table 3 for the descriptions of the control variables. All regressions are
weighted using sample weights from the Census and ACS. Robust standard errors are in parentheses clustered
by state. Panel A shows the OLS result of Table 3. Panels B and C show the result using the log of K-12 revenue per
pupil in OLS and 2SLS, respectively. Each entry is a coefficient from a separate regression of the private school
enrollment. * significance at 10%; ** significance at 5%; *** significance at 1%.

Table A.7: Main Results with State-Level Appropriations

Dependent variable: private school enrollment(in percentage point)

(1) (2) (3) (4)

App per pupil ($1,000) -0.325∗ -0.406∗∗ -0.444∗∗ -0.426∗∗

(0.186) (0.188) (0.193) (0.186)
First Stage F-Stat 35.46 35.49 35.29 33.74
Individual Controls Yes Yes Yes
Household Controls Yes Yes
Baseline State Controls × Time Trend Yes
Notes: N=8,887,319. This table emulates Table 3 using state-level K-12 appropriations per pupil, including ACS
2001-2004. See the notes of Table 3 for the descriptions of the control variables. I use the same regional controls
with Table 3 but in state level. The dependent variable is the private school indicator rescaled to percentage
points. All regressions include state and year fixed effects. All regressions are estimated with the 2SLS estimation
using the preferred specification and weighted using sample weights from the Census and ACS. Robust standard
errors are in parentheses clustered by state. * significance at 10%; ** significance at 5%; *** significance at 1%.
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Table A.8: Alternative Samples

Dependent variable: private school enrollment (in percentage point)

Years of Drop Native Immigrant Drop Drop Drop Drop Drop
Include DC 2000-2012 Dropouts Only Only FL and NV FL and TX CA and TX AK top 10

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

App per pupil ($1,000) -0.564∗∗∗ -0.577∗∗∗ -0.597∗∗∗ -0.615∗∗∗ -0.396∗∗∗ -0.536∗∗∗ -0.448∗∗∗ -0.516∗∗∗ -0.563∗∗∗ -0.488∗∗∗

(0.140) (0.163) (0.155) (0.159) (0.129) (0.134) (0.118) (0.186) (0.147) (0.160)
10.35% 10.34% 10.34% 10.64% 5.97% 10.32% 10.65% 10.70% 10.34% 9.05%

First Stage F-Stat 26.38 4.40 32.75 29.13 24.36 36.00 53.82 31.24 33.19 26.46
Observations 8,106,020 6,272,388 7,916,186 7,636,564 458,509 7,601,863 6,973,419 6,396,752 8,073,326 7,397,373

Notes: The alternative sample used is indicated in the column title. The dependent variable is the private school indicator rescaled to percentage points. All regressions are
estimated with the 2SLS estimation using the preferred specification and weighted using sample weights from the Census and ACS. Robust standard errors are in parentheses
clustered by state. The means of dependent variables are presented below the standard errors in italic. * significance at 10%; ** significance at 5%; *** significance at 1%.
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Table A.9: Alternative Instrumental Variables

Dependent variable: private school enrollment (in percentage point)

DiD State share NT +Interaction
(1) (2) (3) (4)

App per pupil ($1,000) -0.643∗∗∗ -0.432∗∗ -0.796∗ -0.496∗∗∗

(0.199) (0.176) (0.413) (0.108)
First Stage F-Stat 4.99 2.87 2.88 >1,000
Notes: In column 1, I use difference-in-differences estimations—Ss ×Postt and N Ts ×Postt —instead of event
study estimations to instrument for education revenue per pupil. Postt indicates after 2007 or the Great Reces-
sion. I use the state share only in column 2 and no income tax indicator only in column 3 in the event study
framework. In column 4, I add Ss × N Ts , the interaction term of state share and no income tax indicator in-
teracted with year dummies as instrumental variables in addition to the original instrumental variables. The
dependent variable is the private school indicator rescaled to percentage points. All regressions are estimated
with the 2SLS estimation using the preferred specification and weighted using sample weights from the Census
and ACS. Robust standard errors are in parentheses clustered by state. * significance at 10%; ** significance at
5%; *** significance at 1%.

Table A.10: Lagged Appropriations and Moving Average

Dependent variable: private school enrollment (in percentage point)

1-year Lag 2-year Lag 3-year Lag 3-year MA
(1) (2) (3) (4)

App per pupil ($1,000) -0.493∗∗∗ -0.382∗∗∗ -0.244∗∗∗ -0.637∗∗∗

(0.132) (0.0974) (0.0800) (0.177)
First Stage F-Stat 7.96 7.13 4.44 17.32
Observations 5,618,538 5,130,051 4,643,246 8,095,073
Notes: This table uses the lagged variables of CPUMA education revenue per pupil. Columns 1-3 use
Appt−1, Appt−2, Appt−3, respectively. In column 4, I use the three-year moving average (t − 1, t , and t + 1) of
appropriations per pupil. The instruments are the sets of interaction terms of state share and no state income
tax status with year indicators dummies. The dependent variable is the private school indicator rescaled to per-
centage points. All regressions are estimated with the 2SLS estimation using the preferred specification and
weighted using sample weights from the Census and ACS. Robust standard errors are in parentheses clustered
by state. * significance at 10%; ** significance at 5%; *** significance at 1%.
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Table A.11: Alternative Mechanism: Private School Choice Policies

Add as covariates As Dependent Variable

Any policy Voucher Tax credit Any policy Voucher Tax credit
(1) (2) (3) (4) (5) (6)

App per pupil ($1,000) -0.586∗∗∗ -0.596∗∗∗ -0.589∗∗∗ 0.0620 0.0272 0.0124
(0.151) (0.155) (0.154) (0.0550) (0.0412) (0.0221)

0.248 0.120 0.073
First Stage F-Stat 26.24 30.94 30.84 30.89 30.89 30.89
Observations 8,095,073 8,095,073 8,095,073 850 850 850

Notes: In columns 1-3, the dependent variable is an indicator for private school enrollment (rescaled to percent-
age points) and indicators for having private school choice policies are added as a covariate. I add an indicator
for any statewide private school policy, voucher program, and tax credit program in columns 1, 2, and 3, re-
spectively. These indicators are time-variant because states differentially implement private school programs.
Regressions are estimated with 2SLS estimation using the preferred specification and weighted using sample
weights from the Census and ACS. In columns 4-6, I regress the indicators for state-level private school policies
on education appropriations per pupil. State level appropriations per pupil is used in columns 4-6. Regressions
include state fixed effects and state controls in 2000 interacted with the year trend, and weighted with the state-
level school-aged population in 2000. Robust standard errors are in parentheses clustered by the state for all
regressions. The means of dependent variables are presented below the standard errors in italic. * significance
at 10%; ** significance at 5%; *** significance at 1%.

Table A.12: Alternative Mechanism: Number of Schools

TPS Charter Magnet All Public All Private
(1) (2) (3) (4) (5)

Panel A. Add Number of Schools as Covariates
App per pupil ($1,000) -0.594∗∗∗ -0.590∗∗∗ -0.573∗∗∗ -0.604∗∗∗ -0.610∗∗∗

(0.150) (0.151) (0.155) (0.152) (0.218)
First Stage F-Stat 28.02 32.48 34.51 28.12 3.56
Observations 8,095,073 8,095,073 8,095,073 8,095,073 2,817,931

Panel B. Number of Schools as Dependent Variables
App per pupil ($1,000) -19.00 -0.741 -9.361 -29.10∗ 13.04

(18.96) (1.111) (7.971) (14.94) (13.39)
114.862 6.862 13.491 135.215 57.188

First Stage F-Stat 58.87 58.87 58.87 58.87 4.48
Observations 18,273 18,273 18,273 18,273 8,598
Notes: In Panel A, the dependent variable is an indicator for private school enrollment (rescaled to percentage
points) and the number of each type of school at the column title is included as a covariate. TPS represents tra-
ditional public schools (public schools excluding charter and magnet schools). The number of private schools
is from Private School Universe Survey (PSUS) described in Appendix Section F. Regressions are estimated with
2SLS estimation using the preferred specification and weighted using sample weights from the Census and ACS.
In Panel B, I regress the number of schools in CPUMA on education appropriations per pupil. Regressions in-
clude state fixed effects and state controls in 2000 interacted with the year trend, and weighted with the state-
level school-aged population in 2000. Robust standard errors are in parentheses clustered by the state for all
regressions. The means of dependent variables are presented below the standard errors in italic. * significance
at 10%; ** significance at 5%; *** significance at 1%.
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Table A.13: Impact on Number of School-aged Children, and In- and Out-migration

Total number In-migration Out-migration
(1) (2) (3)

App per pupil ($1,000) -62.17 0.371 2.237
(63.38) (1.016) (2.555)
2,232 32 36

Notes: N=800. First stage F-statistics 14.82 for all regressions. The year 2000 is excluded because of data lim-
itations. The dependent variable is indicated at the column title. State fixed effects and 2000 state controls
interacted with time trends are included. Regressions are weighted using the state population in 2000. Robust
standard errors are in parentheses clustered by state. The means of dependent variables are presented below the
standard errors in italic. * significance at 10%; ** significance at 5%; *** significance at 1%.

Table A.14: Selective Migration and Private School Enrollment

Dependent variable: private school enrollment(in percentage point)

Migration status from last year 5yr+ Funding of

Different MPUMA Same MPUMA Same Residence Same Residence State of birth
(1) (2) (3) (4) (5)

App per pupil ($1,000) -0.353 -0.629∗∗∗ -0.659∗∗∗ -0.752∗∗∗ -0.513∗∗

(0.304) (0.198) (0.210) (0.225) (0.194)
7.55% 10.47% 10.94% 12.32% 10.34%

First Stage F-Stat 7.11 18.68 20.31 20.61 6.41
Observations 204,575 5,413,963 4,979,663 3,364,390 5,302,469

Notes: I use the ACS question asking where each respondent lived 12 months ago to determine the migration
status in columns 1-3. The sample includes only 2005-2016 because the 2000 Census lacks this information. The
main estimate without the 2000 Census is -0.622 (SE: 0.197). Each regression uses the subsample indicated in the
title of each column. Migration PUMA (MPUMA) is the geographical unit the ACS uses to determine migration
status, which resembles commuting zones. Column 3 is a subset of column 2, who lived in the same house for
more than 12 months. Column 4 restricts the sample to children whose household head had lived in the same
house for more than five years. Because I only know how long the household head had lived in the same house
in the ACS, I assume children’s migration patterns would be the same as the household head. In column 5, I
use the funding per pupil in the state of birth, which is robust to migration. Thus, all foreign-born children are
excluded. Means of the private school enrollment in the pre-recession period are in italics below the standard
errors. I use birth state controls instead of CPUMA controls in column 5. The dependent variable is the private
school indicator rescaled to percentage points. All regressions are estimated with the 2SLS estimation using the
preferred specification and are weighted using sample weights from the Census and ACS. Robust standard errors
are in parentheses clustered by state. The means of dependent variables are presented below the standard errors
in italic. * significance at 10%; ** significance at 5%; *** significance at 1%.
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Table A.15: Heterogeneity by CPUMA Characteristic and Race

Dependent variable: private school enrollment (in percentage point)

Poverty Rate Minority Population Foreign Population

High Low High Low High Low
(1) (2) (3) (4) (5) (6)

Panel A. All races
App per pupil ($1,000) -0.747∗∗∗ -0.456∗∗∗ -0.890∗∗∗ -0.285 -0.700∗∗ -0.292∗∗

(0.178) (0.167) (0.208) (0.180) (0.271) (0.115)
p-value of difference 0.0356 0.0111 0.1405

9.40% 11.39% 10.58% 10.14% 10.50% 10.23%
First Stage F-Stat 16.26 27.83 55.75 17.89 170.29 24.50
Observations 4,226,586 3,868,487 3,356,797 4,738,276 2,926,239 5,168,834

Panel B. White
App per pupil ($1,000) -0.958∗∗∗ -0.450∗∗ -1.271∗∗∗ -0.381∗ -0.900∗∗ -0.418∗∗

(0.323) (0.216) (0.349) (0.213) (0.434) (0.178)
p-value of difference 0.0807 0.0050 0.2072

13.36% 12.92% 18.16% 11.29% 16.62% 11.90%
First Stage F-Stat 17.86 37.22 24.07 21.81 461.79 24.11
Observations 2,169,929 2,819,188 1,220,683 3,768,434 1,167,247 3,821,870

Panel C.Hispanic
App per pupil ($1,000) -0.589∗∗∗ -0.471∗∗∗ -0.647∗∗∗ 0.0464 -0.605∗∗∗ 0.0128

(0.199) (0.161) (0.193) (0.144) (0.138) (0.195)
p-value of difference 0.6521 0.0067 0.0029

4.91% 6.12% 5.20% 5.36% 5.09% 5.65%
First Stage F-Stat 104.39 21.57 202.88 22.70 377.17 77.32
Observations 1,044,989 409,699 1,099,977 354,711 1,036,130 418,558

Panel D. Black
App per pupil ($1,000) -0.128 0.0631 -0.234 0.396∗∗ -0.125 0.153

(0.149) (0.176) (0.176) (0.177) (0.211) (0.225)
p-value of difference 0.2737 0.0053 0.3513

5.41% 6.48% 6.30% 4.46% 6.92% 5.04%
First Stage F-Stat 57.89 22.29 17.21 23.60 157.55 48.22
Observations 659,173 296,231 654,851 300,553 348,874 606,530

Notes: The sample is divided into two groups by CPUMA characteristics presented in each column’s title, like
Table 7. Each panel is separately estimated by race. See the notes of Table 7 for the other details. The dependent
variable is the private school indicator rescaled to percentage points. All regressions are estimated with the 2SLS
estimation using the preferred specification and are weighted using sample weights from the Census and ACS.
Robust standard errors are in parentheses clustered by state. The means of dependent variables are presented
below the standard errors in italic. * significance at 10%; ** significance at 5%; *** significance at 1%.
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Table A.16: Heterogeneity by Parental Characteristics

Dependent variable: private school enrollment (in percentage point)

Both parents present Has a Bachelor’s degree High earning occupation Immigrant

Yes No Yes No Yes No Yes No
(1) (2) (3) (4) (5) (6) (7) (8)

App per pupil ($1,000) -0.697∗∗∗ -0.545∗∗∗ -0.839∗∗∗ -0.600∗∗∗ -0.715∗∗∗ -0.439∗∗∗ -0.774∗∗∗ -0.513∗∗∗

(0.192) (0.130) (0.289) (0.140) (0.189) (0.118) (0.213) (0.161)
p-value of difference 0.3014 0.2640 0.0440 0.1021

12.13% 6.29% 18.93% 6.60% 12.63% 5.45% 8.40% 11.28%
First Stage F-Stat 24.94 17.04 22.64 23.93 21.89 18.65 102.72 22.70
Observations 5,849,114 1,895,318 2,761,200 4,983,232 5,646,262 2,098,170 1,745,342 5,999,090
Notes: The sample is divided into two groups by parental characteristics presented in the title of each column. Columns 3 to 8 are ‘Yes’ if at least one parent satisfies the
condition. The dependent variable is the private school indicator rescaled to percentage points. All regressions are estimated with the 2SLS estimation using the preferred
specification and are weighted using sample weights from the Census and ACS. Robust standard errors are in parentheses clustered by state. The means of dependent
variables are presented below the standard errors in italic. * significance at 10%; ** significance at 5%; *** significance at 1%.
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Table A.17: Impact on Number of Enrolled Students in Private Schools

Dependent variable: Enrolled students in private schools

ACS PSUS

School Level

All Races Whites Hispanic

(1) (2) (3) (4) (5) (6) (7)

App per pupil ($1,000) -760.5∗∗ -318.5∗ -5.866∗ -5.888∗

(315.0) (189.4) (3.186) (3.169)
App per pupil × Catholic -12.98∗∗∗ -13.37∗∗∗ -3.342∗∗

(2.643) (4.226) (1.438)
App per pupil × Other Religious 0.779 3.016 1.196

(3.047) (4.166) (3.539)
App per pupil × Nonsectarian 3.149 2.509 1.877

(4.174) (4.552) (4.075)
Mean of Dep Var before GR 12,089 10,069 291.050 291.050 291.050 277.818 306.594
Observations 13,974 8,533 106,253 106,253 106,253 106,253 106,253

CPUMA Fixed Effect Yes Yes
School Fixed Effect Yes Yes Yes Yes Yes
Baseline CPUMA Controls×Time Trend Yes Yes Yes Yes Yes Yes
Notes: In column 1, I aggregate my main sample into CPUMA level and regress the number of students in private schools on CPUMA education appropriations per pupil.
CPUMA fixed effects and baseline CPUMA controls interacted with time trends are included and the regression is weighted with the total number of school-aged children in
the CPUMA in 2000. In columns 2-7, I use a biennial survey called Private School Universe Survey (PSS) by NCES from 2001 to 2015. The unit of observation is school-year. I
include private schools with 50 or more enrollees and serving beyond kindergarten. The independent variable of interest is the public K-12 appropriations per pupil in the
CPUMA in which the school is located. In column 2, I aggregate the PSUS sample into CPUMA level and conduct the same analysis with column 1. Columns 3-7 use the
school-level data. Columns 3-5 estimate the impact on school-level enrollment for all races. Column 6 and 7 examine enrollment of white and Hispanics, respectively. The
equations used in columns 3-7 are presented in Appendix Section F. School fixed effects are included and each regression is weighed using the school weights and number
of students (in the corresponding race) in the CPUMA in 2000. Robust standard errors are in parentheses clustered by state. The means of dependent variables are presented
below the standard errors in italic. * significance at 10%; ** significance at 5%; *** significance at 1%.

80


	Introduction
	Background: K-12 Budget and the Great Recession
	Data
	Econometric Model and Validity
	Estimation Equations
	Placebo Tests
	First Stage and Reduced-Form Results

	Results
	Main Results
	Comparison to Existing Literature
	Possible Mechanism: Impact on Expenditures and Staffing
	Robustness Checks

	Heterogeneity in Effect
	Heterogeneity by Age, Race, and Household Income
	Heterogeneity by Regional Characteristics
	Discussion on Heterogeneity Effects

	Conclusion
	Appendix
	School District and CPUMA Crosswalk
	Potential Pre-Trends
	Complier Characteristics
	Additional Robustness Checks
	Alte rnative Sample
	Alternative IVs
	Lagged Treatment Variables
	Alternative Mechanism: School Choice Programs and Number of Schools
	Selective Migration

	Additional Heterogeneity Analysis
	Racial Difference in Heterogeneity in Effect by CPUMA Characteristics
	Heterogeneity in Effect by Parental Characteristics

	Alternative Dataset: Public School Universe Survey

	Appendix Figures
	Appendix Tables

